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Abstract

Extracting insights from queries and feedback helps identify trends, enhance products and services, personalize customer interactions, and
craft effective marketing strategies. Data clustering, a powerful method, organizes unstructured data and refines queries by offering
suggestions based on similar or related inputs, ultimately enhancing the search experience. This study compares the performance of several
clustering algorithms, including Agglomerative Clustering, K-Means (KM), Hierarchical Density-Based Spatial Clustering of Applications
with Noise (HDBSCAN), and Density-Based Spatial Clustering of Applications with Noise (DBSCAN), as well as various embeddings,
such as Term Frequency-Inverse Document Frequency (TF-IDF)—Sentence-Bidirectional Encoder Representations from Transformers
(SBERT), Word2Vec, and GloVe. The Calinski-Harabasz Index, Davies-Bouldin Index, and Silhouette Score are used to measure the
effectiveness of these algorithms. Results indicated that HDBSCAN outperformed other clustering algorithms within the farmer helpline
dataset. The conclusions were derived from the medium-level performance of clustering algorithms. The findings showed that HDBSCAN,
combined with different embeddings, achieved a Silhouette Score of 0.85, a Davies-Bouldin Index of 0.66, and a Calinski-Harabasz Index
0f4,239.9.
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1. Introduction

Customer query processing is a crucial component of customer service and support systems. It involves efficiently handling, analyzing,
and resolving customer inquiries received through various channels, including email, social media, and phone calls.

Growing awareness of organic vegetables has led individuals to develop their own in small spaces, such as terraces, balconies, and outdoor
areas around their homes. After the epidemic, many people have gotten into the agricultural industry. New Generation farmers often need
assistance and guidance in their farming practices. The Kisan Call Center for Farmers is a government initiative designed to support farmers
in agricultural, horticultural, and floricultural activities. Varieties, sowing, weeding, weather, fertilizers, soil testing, nutrient management,
plant protection, rotational crop schemes, credits, loans, and other related areas are the topics on which farmers frequently raise questions
from various parts of India.

New technologies in agriculture, such as smart farming, generate a significant amount of data. Analyzing data can yield valuable insights
into the common issues farmers face and help improve the support provided to them. The proliferation of data has necessitated the devel-
opment of robust data analysis techniques, including statistical methods, ML algorithms, and DL models used to analyze vast volumes of
data.

The research has extensively addressed structured queries; however, processing unstructured queries remains challenging, particularly in
areas such as customer care. In the Farmer Helpline data, there are 11 attributes, two of which are unstructured: Query Text and KeyAns.
Farmer queries are recorded under the Query Text attribute, while answers are stored under KeyAns. Although the queries are categorized
with labels, additional subcategories are included within these labels for further classification. Grouping similar queries based on crop and
their query type can be done using clustering algorithms. Clustering algorithms are potent tools for grouping similar data points, and they
can be particularly effective in categorizing farmer queries in helpline data. By clustering these queries, we can identify prevalent problems,
seasonal trends, and region-specific issues, which can inform better decision-making and resource allocation.
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2. Literature Review

This section presents related research on text similarity clustering, drawing on document clustering, queries, and research articles from
2020 to 2023.

The "Comparative Analysis of Clustering Methods" explores hierarchical and partitional clustering approaches. Notable advancements
have been achieved in the process of initial seeding and centroid selection. Additionally, hierarchical clustering algorithms have been
optimized to reduce their complexity to log-linear, enhancing their suitability for analyzing high-dimensional data. This is supported by
the fact that K-Means (0.1271) performs faster than others [1]—a key finding in the context of clustering and cluster validation techniques
within the domain of emotional intelligence datasets. The evaluation of the Reclust algorithm performed highlights its superiority over
other methods, including K-means, Expectation-Maximization, Hierarchical Clustering, and Self-Organizing Map, which it produces with
precision (0.986) [2].

Query datasets of various sizes can be clustered using the Apache Spark and Apache Hadoop frameworks, along with an access plan
recommendation approach based on MapReduce. The Spark platform's enhanced capabilities enable large-scale query sets to be processed
more efficiently.[3].

Clustering algorithms for literature and university datasets are utilized in literature query services. The system's retrieval efficiency,
achieved using R-tree structures and the K-Means algorithm, yielded an efficiency score of 875, along with precision, recall, and F1 scores
of 86.3%, 88.6%, and 87.4%, respectively.[4].

Embedding Words in a Clustering Method for Large Datasets, such as K-means and Agglomerative, with fine-tuning of the BERT model
to specific datasets, could yield more accurate contextual word embeddings.[5].

Ontology-based Clustering optimizes memory usage, execution time, and processing speed, achieving an accuracy rate of 96%. [6].
Analyzing different methods of Clustering based on documents that leverage semantic similarity measures, including Cosine, Jaccard,
Euclidean, Dice, and TF-IDF. The clustering techniques examined various clusters using Hierarchical Clustering, Fuzzy C-means, K-
means, and Bisecting K-means. According to the survey, the clusters are accurate and dependable. [7]. Another approach for document
clustering, which uses a fuzzy-cluster-based semantic model, achieves an accuracy of approximately 89% and a recall of around 88%.[8].
TREC Web track, such as Interp-f Query Concat, Statistical approaches, Initial, ClustMRF, GeoClust, and Interp-f were used to determine
that documents are essential to the user's inquiry by using the correct information from various documents, particularly in a record-based
cluster retrieval system, and attaining a precision rate of 89% [9].

Analyzing algorithms based on various types of calculations, such as cosine, Jaccard, Euclidean, Dice, TD-IDF, and clustering algorithms.
K-means and SOM (Self-organizing Maps) were the most suitable among the methods analyzed for simulated and real data sets.[10]. The
Geostatistical Fuzzy C-Means algorithm is more effective and optimized for execution time in distributed databases.[11]

Table 1: Comparative Study of Performance of the Clustering Algorithms with Different Datasets
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Data is fragmented and
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11. 11  rithm for query optimization in a Geostatistical fuzzy c-mean Execution time- 28 sec

distributed database [11]

and chunks, 50 differ-
ent Query Execution
plans.

Although several clustering algorithms, such as K-Means and DBSCAN, have been widely researched and used elsewhere, these algorithms
also have their limitations. Despite its popularity due to its simplicity and efficiency, K-Means is quite sensitive to initialization, which can
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lead to an inefficient clustering process, especially in datasets with different densities and Noise. These problems drive the quest to develop
stronger clustering algorithms, as noted in earlier research (e.g., the sensitivity of K-Means in [1]) and other studies.

To address these shortcomings, the present study combines HDBSCAN, which does not require the specification of a specific number of
clusters and is highly resistant to initialization issues. HDBSCAN is ideal for working with noisy data and identifying clusters of any shape,
making it the most appropriate choice for the Farmer's query data in this research. Also, DBSCAN, introduced in, addresses such obstacles
using the density-based clustering methodology, which is particularly helpful in clustering complex and noisy data.

Word2Vec, as proposed in the word embedding case, provides high-quality word representations in the form of vectors, which can capture
semantic relationships and improve clustering quality. The embeddings are especially applicable to the analysis of agricultural queries,
where context and meaning are crucial. Together with Word2 Vec, the proposed study should serve as a more effective way of processing
unstructured query information, allowing for the overcoming of the weaknesses of conventional clustering algorithms and making the
findings more accurate and relevant.

3. Materials and Methods

The Tamil Nadu call records used in the study were obtained from the Call Center between January 2020 and December 2023.
3.1. Description of the dataset

The dataset comprises 83 distinct varieties of crops, each associated with 63 unique types of queries.

] Asking about Weed management in paddy
1 Asking about Sucking pests management for Paddy
2 Asked about paddy direct sowing post emergence...
3 Farmer asked guery on Weather
4 Farmer asked query on Weather
663305 Farmer asked query on Weather
663306 asked about weed management in paddy
663307  asked about pesticide and herbicide applicatio...
663308 asked about available of drones for rent
663309 Farmer asked query on Weather
Name: QueryText, Length: 663310, dtype: object

Fig. 1: Sample Dataset.
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Fig. 2: Workflow of the Study.
3.2. Preprocessing methods
3.2.1. Feature transformation
3.2.1.1. Normalization

e Lowercasing: All characters should be changed to lowercase to maintain consistency.
e [emmatization: This technique reduces words like "needed" to "need" and "pests" to "pest," which helps text-based models operate
more efficiently by lowering the dimensionality of text data.

3.2.1.2. Removing noise

non

e Stop erasing general elements that do not provide much meaning to the parameters. (e.g., "in", "on").

e Punctuation removal involves removing punctuation marks.

e Special Characters and Specific Words Removal: Removing non-alphanumeric characters and specific words that misguide the cluster
process.
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3.2.1.3. Feature selection

Paddy Dhan and Nutrient Management have been selected for further examination due to the recurring inquiries from farmers regarding
crop-related issues.

3.3. Text presentation
3.3.1. TF-IDF (term frequency-inverse document frequency)
In text processing using NLP, TF-IDF is a standard method for determining the importance of a document in a corpus of documents. It is

frequently employed in text mining, classification, and information retrieval.
TF evaluates term frequency (t) appearing in a document (d).

Number of times t appearsin d

TF(t’ d) = Total number of terms in d (1)
IDF gives less weight to standard terms and more weight to rare ones.

_ (Total number of documents
IDF(t) - 10g () Number of documents contain t) (2)
TF-IDF Calculation,
TF — IDF(t,d) = TF(t,d) x IDF(t) A3)

3.3.2. Word embeddings and sentence embeddings

Embeddings effectively represent words, phrases, or other discrete things in continuous vector spaces in ML and NLP. This method's ability
to capture the relationships and semantic meanings between objects is helpful for text classification, sentiment analysis, and other applica-
tions.

Word2Vec: Word2Vec is a predictive model that utilizes neural networks to learn word vectors by predicting words based on their context.
Continuous Bag of Words (CBOW) and Skip-gram are two variations of Word2Vec. Skip-gram forecasts context words from a desired
word, whereas CBOW concentrates on predicting a desired word from its context.

vector("organic")—vector("pesticide")+vector("health")=vector("nutrition")

GloVe: GloVe is a word embedding technique that utilizes statistical information from the entire corpus. GloVe detects the record data
based on matrix factorization of the document co-occurrence matrix.GloVe is more memory-efficient and can be trained on large corpora
with relatively less computational power. It defines a cost function that models the ratio of word co-occurrence probabilities, comparing
the actual co-occurrence possibility to the estimated likelihood from the word vectors at a low level.

J = e f(Zx) (W wi) + b; + by — log(Zy))” &)

Z;; Is the co-occurrence of the counts of words j and k. wj and wy, are the word vectors of words j and k, Respectively. BJ and BK
are biases associated with each word. f(ij) It is a weighting function that reduces the influence of persistent word pairs.

SBERT: Sentence-BERT is an adapted version of the Bidirectional Encoder Representations from Transformers (BERT), designed for tasks
involving the generation of sentence embeddings. These tasks encompass semantic similarity, Clustering, and information retrieval. SBERT
is employed to categorize similar texts unsupervised and effectively align questions with pertinent answers.

3.4. Cluster algorithms

K-means is an unsupervised learning algorithm for Clustering. K-means categorizes objects into groups that share similarities but differ
from those in other groups. The distance of each point to both centroids is calculated to predict the long-range relationship between the
data values and the randomly selected centroids. The centroid with the shortest distance is given to each point. After assigning all the data
points, the centroid of every Cluster is recalculated as the mean of all the values within it. This new one replaces the old centroid. When
the centroids no longer shift significantly, data points are allocated to a small range around the center point of the object, and the centroids
are updated continuously. Alternatively, the data points assigned to clusters remain the same. The algorithm splits the values of the data
into K clusters and assigns each end to the Cluster with the closest centroid.

Calculating the new Cluster's centroid

1 .
i = n—iz}‘;l X; (%)

Hierarchical Clustering is a clustering technique used to construct a hierarchy of clusters. It is classified into two types: Agglomerative and
Divisive. In Agglomerative Clustering, the two closest clusters are identified based on the broadest range and linked to the center point of
the performance. More clusters are merged into a single cluster of the processor. The distances between the new Cluster and all other
existing clusters are recalculated. Integrating the closest clusters is repeated until all the data points are combined into a single cluster or
until the desired number of clusters is reached. In Divisive Clustering, all data points start in a single cluster. The large Cluster is split into
smaller clusters, and the distances are recalculated. Clusters are split until each data point is assigned to its own Cluster or until the desired
number of clusters is reached.
e DBSCAN is suitable for applications with data containing Noise and clusters of varying shapes and sizes. The density of values in the
data serves as the basis for identifying clusters using arbitrary shapes, and the number of clusters can be calculated automatically.
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DBSCAN uses arbitrary shapes to find clusters. DBSCAN is well-suited for large datasets and can handle situations where clusters
vary in density.
Calculating distance between all points using the Euclidean distance formula:

Distance(s,t) =/ (az — a;)? + (b, — by)? ©

HDBSCAN cluster aims to create a hierarchy of groups. There are two methods of Hierarchical Clustering: divisive and agglomerative.
Agglomerative is a bottom-up approach that enhances the DBSCAN algorithm's version for handling complex datasets with varying den-
sities. HDBSCAN treats points in low-density areas as Noise and those with high density as clusters, creating a hierarchical dendrogram
that can be used to extract clusters at different levels of granularity. HDBSCAN initially computes the core distance to its k-th nearest
neighbor, where k = MinPts.Then, it computes Mutual Reachability,

Mutual reachability distance(s,t) = max(core distance(s), core distance(q)) @)

3.5. Cluster evaluation metrics

Calculated to the quality range of clusters is an essential step in any clustering process. Cluster evaluation techniques help determine how
well the clustering algorithm has grouped the data values, whether the resulting clusters are meaningful, and how effectively the clusters
separate from one another. Evaluating the efficiency and performance of a clustering algorithm can involve several metrics and approaches.
Intrinsic Quality Indicators

The quality of the clusters is evaluated based solely on the data, without the use of external information (ground truth labels), in these
metrics.

a) Silhouette Score

e Measures the value of similarity between a point and its Cluster compared to other clusters.

Calculation of point:

. _ _y@-x@

Silhouette score (a) = @y @) ®)
Where x(a) is the average proximity of a to every other point( )Yes, the smallest mean long range of the values and all kinds of values
in the neighboring Cluster.

A higher value indicates better Clustering; values range from -1 to 1. The point is well-clumped if the value is near 1. The value is on or
near the decision margin between two clusters if its value is close to zero. The value was assigned to the incorrect Cluster if the value is
negative.

b) Davis-Bouldin Index

e calculates the same mean score between every Cluster and its more types

The formula for calculating the Davis-Bouldin Index is

. . _ 1ok 0i+0j
Davis-Bouldin Index= Kzi=1 MaX;; (m) )

Where o;Spacing among all values in the Cluster i to the center of the point of i. d(ci, i]-)Spacing between the centroids of clusters i and j.
¢) Calinski-Harabasz Index
e The Calinski-Harabasz Index, also known as the “ different percentage benchmark , is a metric used to calculate clustering quality
internally by calculating the proportion of inter-cluster variability to intra-cluster variability. A higher Calinski-Harabasz score indicates
that the clusters are well-distinguished, and the points within each Cluster are close to their respective centroids.
e  The formula for calculating the Calinski-Harabasz Index is:

t(By)

n-k
W k-1 (10)

Calinski — Harabasz Index =

Where By Measures the dispersion of the cluster centers (centroids) relative to the overall centroid of the dataset. W, Calculations involve
separating data values within each Cluster around their respective cluster centroids. n, number of data points. k, number of clusters.

4. Results and Discussion
The following is the output of the Querytext preprocessing.

preprocessed_query

weed management paddy

sucking pest management paddy

paddy direct sowing post emergence weed manage...
farmer query weather

& wNn e o

farmer query weather

663305 farmer query weather
663306 weed management paddy
663307 pesticide herbicide application drone paddy
663308 available drone rent
663309 farmer query weather

[663310 rows x 2 columns)

Fig. 3: Preprocessed Query.
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Figure 3: Special characters, stop words, and specific terms like "paddy"(since processing only paddy query) and "asked" were removed
from all statements, and all remaining words were converted to lowercase.
Performance across different embeddings with various clustering algorithms

Table 2: Comparison of Embeddings with Clustering Based on Silhouette Score(high)

Clustering Technique SBERT TF-IDF Word2Vec GloVe
K-Means (n=450) 0.76 0.79 0.81 0.79
Agglomerative (n=450) 0.78 0.8 0.81 0.79
DBSCAN 0.19 0.86 0.73 0.75
DBSCAN (Excluding Outliers) 0.2 0.71 0.73 0.94
HDBSCAN 0.77 0.75 0.66 0.75
HDBSCAN (Excluding Outliers) 0.84 0.87 0.84 0.83

Figure 4, Table 2: A high silhouette score is desirable, and embeddings such as K-means and agglomerative Clustering show strong perfor-
mance when the values for k and n match the no of clusters identified by DBSCAN. Among the embeddings, Word2Vec (0.80) and TF-
IDF (0.79) yield the highest scores, followed by GloVe, with SBERT (0.76) ranking fourth. By gradually increasing the k and n values to
5, 25, 100, 300, and eventually 450, a point was reached where the metric values began to decline, indicating the optimized k value had
been reached. K-means performance improves as the no of clusters increases. DBSCAN, including outliers, performs best with TF-IDF
(0.86), surpassing the other embeddings. Excluding outliers further enhances DBSCAN's performance, with GloVe (0.94) achieving the
highest score, while SBERT (0.25) proves ineffective in conjunction with DBSCAN. HDBSCAN (excluding outliers) consistently delivers
the best results across all embeddings, particularly with TF-IDF (0.87), SBERT (0.84), Word2Vec (0.84), and GloVe (0.83).
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Fig. 4: Embeddings with Clustering Based on Silhouette Score.
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Table 3: Comparison of Embeddings with Clustering Based on Davies-Bouldin Index(Low)

Clustering Technique SBERT TF-IDF Word2Vec GloVe
K-Means Clustering (k=450) 1.42 1.69 1.18 1.41
Agglomerative (n=450) 1.62 1.77 1.21 1.48
DBSCAN 1.25 0.54 0.99 1.09
DBSCAN (Excluding Outliers) 0.82 1.16 0.99 0.57
HDBSCAN 1.26 1.35 0.16 1.18
HDBSCAN (Excluding Outliers) 0.8 0.68 0.57 0.59

Figure 5, Table 3: In the comparison of clustering techniques using different embeddings based on the Davies-Bouldin Index, K-Means
clustering and Agglomerative Clustering with k=450 shows that TF-IDF performs the best, followed by SBERT, GloVe, and Word2Vec.
When applying DBSCAN, SBERT (1.25) performs best, followed by GloVe (1.09) and Word2Vec (0.99), while TF-IDF (0.54) performs
poorly. Excluding outliers from DBSCAN leads to a reversal, with TF-IDF (1.16) performing best, while Word2Vec (0.99), SBERT (0.82),
and GloVe (0.59) score lower. For HDBSCAN, TF-IDF (1.30) continues to outperform, followed by GloVe (1.18), SBERT (1.26), and
Word2Vec (0.16). Excluding outliers from HDBSCAN alters the landscape, with SBERT (0.80) performing best, followed by TF-IDF
(0.68), GloVe (0.59), and Word2Vec (0.57).
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Fig. 5: Embeddings with Clustering Based on the Davies-Bouldin Index.
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Table 4: Comparison of Embeddings with Clustering Based on Calinski-Harabasz Index(High)

Clustering Technique SBERT TF-IDF Word2Vec GloVe
K-Means Clustering (k=450) 686.32 640.91 1919.61 896.78
Agglomerative (n=450) 699.02 635.32 1908.01 910.36
DBSCAN 157.17 2547.88 324.41 284.89
DBSCAN (Excluding Outliers) 191.45 438.99 325.26 7299.87
HDBSCAN 257.95 728.2 487.07 406.62
HDBSCAN (Excluding Outliers) 2888.65 3567.49 2772.656 7730.77

Figure 6, Table 4: When comparing the Calinski-Harabasz Index across various clustering techniques, Word2Vec (1919.61) achieves the
highest score with K-Means clustering (k=450), followed by GloVe (896.79), SBERT (686.32), and TF-IDF (640.91). A similar trend is
observed with agglomerative Clustering (n = 450), where Word2Vec (1908.01) leads, followed by GloVe (910.36), SBERT (699.02), and
TF-IDF (635.32). DBSCAN shows a significant contrast, with TF-IDF (2547.87) achieving a much higher score than the other embeddings,
while Word2Vec (324.41), GloVe (284.89), and SBERT (157.17) fall behind. Excluding outliers with DBSCAN, GloVe (7299.87) stands
out with an exceptional score, while the other embeddings, such as TF-IDF (438.99), Word2Vec (325.26), and SBERT (191.45), perform
significantly lower. HDBSCAN without outliers further emphasizes GloVe’s (7730.77) dominance, with TF-IDF (3567.49), SBERT
(2888.65), and Word2Vec (2772.66) following, including outliers in HDBSCAN results in TF-IDF (728.20) performing best, followed by
Word2Vec (487.07), GloVe (406.62), and SBERT (257.95.
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Fig. 6: Embeddings with Clustering Based on the Calinski-Harabasz Index.

Average performance of the clustering algorithms with embeddings

The performance of various clustering algorithms was assessed using different embeddings. In some instances, it was challenging to deter-
mine the effectiveness of the clustering algorithms due to discrepancies in the evaluation metrics. Consequently, the average scores for
each algorithm, along with their corresponding embeddings, were calculated, and conclusions were drawn based on these average values.
Overall, HDBSCAN demonstrated superior performance compared to the other clustering algorithms.

Table 5: Comparison of Embeddings with Clustering Based on Calinski-Harabasz Index

Clustering Technique

Silhouette score

Davies-Bouldin Index

Calinski- Harabasz Index

K-Means

Agglomerative

DBSCAN

DBSCAN (Excluding Outliers)
HDBSCAN

HDBSCAN (Excluding Outliers)

0.79
0.8

0.63
0.65
0.73
0.85

1.43
1.52
0.97
0.89
0.99
0.66

1035.91
1038.18
828.59
2063.89
469.96
4239.9

Figure 7, Based on the performance rankings across different clustering techniques, HDBSCAN demonstrates the best results with GloVe
outperforming all other embeddings, followed by Word2Vec, TF-IDF, and SBERT. In K-Means clustering, Word2Vec takes the lead, fol-
lowed by GloVe, SBERT, and finally TF-IDF. For DBSCAN, TF-IDF outperforms the rest, followed by Word2Vec, GloVe, and SBERT in

descending order. Similarly, Agglomerative Clustering places Word2 Vec at the top, followed by GloVe, SBERT, and TF-IDF.

Performance ranking on Clustering Algorithms with Embeddings.
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Fig. 7: Performance Ranking on Clustering Algorithms with Embeddings.
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As shown in Fig. 7, GloVe is more effective than other embeddings when combined with HDBSCAN. This high performance is explained
by the fact that GloVe can retrieve rich semantic relations between words. Unlike other embeddings, such as Word2Vec and TF-IDF,
GloVe is explicitly designed to leverage global statistical data from a corpus, making it more effective at mapping words into a continuous
space. This enables HDBSCAN to identify more informative clusters by grouping queries with similar semantic content, which is crucial
in agricultural queries where context and nuance are key factors. The large Silhouette Score and small Davies-Bouldin Index in Fig. 7
illustrate how GloVe enhances the clustering process by increasing the distance between clusters and the closeness of data points within
each Cluster.

There is a certain amount of redundancy in the presentation of similar performance metrics of the different clustering algorithms and
embeddings in Tables 2-4. To simplify the results, we summarize these tables in a single table, emphasizing the most important findings,
with a focus on key measures such as the Silhouette Score, Davies-Bouldin Index, and Calinski-Harabasz Index. This summary table
enables the algorithm and embedding to be compared more concisely, allowing the reader to determine which combinations proved most
effective.

The outliers in the farmer dataset are region or query-specific and not typical of the rest of the data points. These outliers may be associated
with specific farming problems that do not occur uniformly across the entire dataset, such as infrequent crop diseases, unusual agricultural
practices, or geographical issues unique to the farm sector. These questions could be based on niche issues that are very relevant to specific
regions and are not used in other areas. Those outliers can be used to gain a deeper understanding of the diverse problems faced by farmers
in various geographical areas, and knowledge of these outliers can be leveraged to refine the accuracy of assistance offered to farmers via
farmer helplines.

DBSCAN and HDBSCAN methods are density-sensitive algorithms that can detect outliers as Noise and provide helpful ways to analyze
these special queries. The algorithms can focus on the more frequent and repetitive queries by removing these outliers, which may result
in improved clustering performance for most of the data. Nevertheless, by investigating these outliers individually, we can uncover patterns
or new issues that are region-specific and not generalized in mainstream queries. The extra layer of analysis may provide a more in-depth
understanding of the agricultural problems faced by specific farming communities, and ultimately lead to a refinement of assistance to
farmers.

5. Practical Implications

The practical implications of the study's results for agricultural support systems are substantial. Through the application of clustering
algorithms such as HDBSCAN, query grouping becomes more efficient, and the response time to the query posed by the Farmer is short-
ened. For instance, questions about specific crops, pest control, or climatic conditions can be aggregated so that they can be explicitly
answered, and farmers can be provided with the pertinent guidance as soon as possible. Additionally, the clustering outcomes can inform
the guidance of agricultural policy by highlighting similar regional concerns. This data could be utilized to allocate resources effectively,
develop region-specific training programs for farmers, and enhance agrarian infrastructure. This can also improve the functionality of the
helpline services by streamlining the query categorization process, which will contribute to lower operational costs and improved overall
efficiency of the agricultural support system, while also enabling a more responsive and resource-efficient system.

6. Conclusion

This paper focuses on a comparative evaluation of the effectiveness of the various clustering algorithms, specifically K-means, Agglom-
erative, DBSCAN, and HDBSCAN, integrated with embeddings and assessed through Farmer's query. The study finds that HDBSCAN
(excluding outliers) performs well on all types of embeddings. Word2Vec and GloVe deliver consistent performance. At the same time,
SBERT and TF-IDF exhibit more variability depending on the clustering method, as indicated by the clustering quality, as measured by
comparison of evaluation metrics. In the future, efficiency can be improved by optimizing execution time and incorporating deep learning
models for embeddings. These enhancements will significantly boost the overall effectiveness of the clustering process.

Future Directions

Future studies might examine the use of transformer-based models, such as BERT or GPT, to create more realistic embeddings for use in
clustering agricultural queries. These models have demonstrated encouraging performance in representing complex semantic relationships
and may be better suited for clustering semantics than conventional algorithms, such as Word2Vec. Moreover, other agricultural datasets,
such as weather data, soil health data, or crop yield prediction data, may be clustered, and their analysis may yield additional information
about existing farming issues in the region, thereby enhancing decision-making in agricultural support systems. Other studies that can be
used in future research include real-time Clustering in operational call centers. Query data in a call center is constantly changing, and the
system must evolve dynamically to new topics.
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