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ABSTRACT 
Data abundance is inevitable when every human activity is revolving around 
Internet of Things (IoT). The data is extensive, but it lacks the labels needed by the 
machine learning models to identify patterns and characteristics for accurate 
prediction and automation. Data labeling is a very crucial and essential task for 
consuming this abundant data for applications like customer relationship 
management systems, recommendation systems and pattern recognition. We 
propose a novel approach called  Amalgamation of Unsupervised and Supervised 
Approaches for Data Labeling (AUSL), which integrates clustering and classification 
using rule-based refinement. Given the unlabeled data, AUSL offers a robust and 
interpretable framework for uncovering meaningful data labels. Ensemble-based 
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clustering and AdaBoost SVM ameliorates the selection of important attributes for 
data labeling, which are further processed by association rule mining to extract 
underlying significant data characteristics from the reduced domain. Experiments 
are conducted on four data sets to prove the robustness of the proposed method. 
The comparative performance of AUSL with an existing method is promising, 
achieving finer labels with an average hit rate exceeding 90% and confidence levels 
above 80%. These results indicate the robustness, adaptability, and superior label 
refinement ability of the proposed method. In conclusion, AUSL provides a scalable, 
interpretable, and effective solution for structured data labelling, with strong 
potential for real-world deployment in various data-driven applications. 

 
Keywords: Ensemble clustering, Unlabeled data, Association rules, AdaBoost ensemble, 
Supervised, Unsupervised, SVM, Data labels. 

 
INTRODUCTION 

Applications such as web searches, network communication, IoT devices, network security, e-
commerce and recommender systems generate a large amount of unlabeled data. The large 
volume of generated data can be effectively utilized for the automation of the desired 
applications like image analysis, anomaly detection, real-time recommendations and customer 
assistance with the presence of data labels [1,2]. Supervised machine learning models used for 
these applications need data labels to learn underlying context. Also, these labels are not only 
useful to understand the model’s decision but also assist the individual in enhanced data 
interpretation to further improve the quality of the model [1].   Earlier, domain experts were 
engaged in labeling the data manually by studying and understanding the context [2,3].   
However, this time consuming and expensive manual procedure slows down the process of 
data labeling [4-7]. Recently, clustering, an unsupervised method has gained popularity for 
accelerating the laborious task of data labeling [8,9]. 
 
Clustering is used to generate groups of related data for identification of its dominant 
characteristics and attributes [10]. It is employed for capturing  customer segmentation in e-
commerce transactions [11], for topic modeling in web search data [12], topic and entity 
modeling in information retrieval systems [13,14]. Various researchers are working out 
strategies to improvise the clustering algorithms, and quite a few of them are focusing on the 
usability of identified clusters in terms of its characterization and data labeling [9].   
 
Indeed, the usage of clustering simplifies the annotation work for domain experts but on a 
reduced data space. The manual review of each of the generated clusters is still a tedious task, 
and affects its smooth applicability in systems such as customer relationship management, 
decision support, recommender systems, pattern recognition and information retrieval 
systems [15]. 
 
Clustering reveals groups of instances which are mutually dissimilar in characteristics, with 
each group consisting of dominant attributes that bind together the underlying instances. 
Machine learning models are apt for solving these issues, but need to be tuned for automatic 
revelation of these attributes [16]. Supervised machine learning techniques like neural network 
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and support vector machines are quite effective for revealing important data attributes [9]. 
Discovery of cluster-wise characteristics is crucial for reporting labels. The same set of 
attributes may be important for different clusters but require additional analysis to capture 
their contrasting characteristics. Association rule mining, an unsupervised approach is suitable 
for revealing such data characteristics and is being used to identify similar interest patterns 
among user’s web search, purchase patterns, e-commerce transactions etc. [18,19]. In the 
proposed research work, this process is called data labeling, which aims to reveal finer 
characteristics of each cluster aka group using association rule mining.  
 
Note that the generated data labels depend on the identified clusters, which vary with the 
clustering algorithm employed [9]. Recently, it has been shown that ensemble clustering 
outperforms any clustering algorithm, as it makes use of consensus among the clustering 
schemes to  understand the inherent similarities among data points in a better way [20,21]. 
This motivated us to adopt ensemble clustering for generating a robust clustering scheme. 
Similarly, AdaBoost ensemble is used to improve learning   capability of the classifier for 
attribute identification [22]. Currently, the cluster-specific range of identified attributes are 
reported as labels [9,23]. However, there is a further need to refine the data characteristics to 
capture the pattern and dependency in the data. Motivated by this, the research question we 
sought to answer in this paper is: “How to leverage the ensemble based supervised and 
unsupervised machine learning approaches to refine data labels?". In this paper, we propose a 
two-phase approach called AUSL (Amalgamation of Unsupervised and Supervised Learning) for 
data labeling, which leverages the coherence of ensemble clustering, classification ensemble, 
and association rule mining. The contributions are as follows: 
• Use of unsupervised ensemble clustering to obtain good quality clusters. 
• Learn the important cluster-wise attributes from the generated clusters using 

supervised AdaBoost ensemble with reduced uncertainties.  
• Unsupervised association rule mining to identify prominent and fine rule-based data 

labels. 
• Novel validation of the generated data labels by comparing them with those computed 

using corresponding ground truth. 
• Comparative performance with existing work [9] using a robust performance metric, 

Jaccard similarity. 
 
Organization of the paper: Section 2 briefly review the existing related literature. Section 3 
explains the methodology followed in the proposed approach AUSL for data labeling followed 
by details of evaluation method used for comparative analysis and experimental setting. 
Sections 4 and 5 covers the results and discussion respectively. The paper is concluded in 
Section 6. 
 

LITERATURE REVIEW 
In this section, we focus on the research works which employ unsupervised approach for data 
labelling, which is directly related to our proposed research solution. We deliberately exclude 
the compute intensive semi-supervised deep learning approaches from the review. In this 
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section, we only focus on techniques/methods used for labeling of structured and unstructured  
data. 
 
Data arranged in a particular structure is called as structured data and is commonly used in 
various commerce, medical and social science applications. Clustering is directly applied on the 
structured data to reveal similar groups, the groupings are further used for generating data 
labels.  Lopes et al. have shown the impact of discretization method on data labels identified 
using clustering and classification [9]. The supervised artificial neural network is trained to 
learn the important label for each cluster identified by a clustering algorithm. As the labels 
reported are influenced by the number of clusters generated, Silva et al. have refined the said 
method by using an inference approach to compute optimal number of clusters and 
demonstrated its applicability on four datasets [23]. Esmaeili et al. have extended the clustering 
to ensure group fairness while labeling the data for target marketing [24]. Recently, clustering 
has also been employed to generate synthetic class labels using an autoencoder to address the 
challenge for highly imbalanced credit card fraud detection datasets, resulting in improved 
model performance [25]. 
 
For unstructured data such as text, images, and audio, clustering algorithms cannot be used 
directly. Data needs to be converted to the structured form before revealing segments by a 
clustering algorithm. Here, we briefly review the literature which blends unsupervised and 
supervised approaches for extracting data labels from the unstructured data.  Beil and Theissler 
[8] have adopted an interactive cluster clean-label approach for effective labeling of the 
unlabeled MNIST data set and have utilized the strengths of humans and unsupervised machine 
learning methods to achieve the net data labels. Recently, a comprehensive review on document 
clustering by Cozzolino and Ferrao [26] highlights the importance of clustering for organizing 
huge amount of unstructured text data without engaging a domain-expert explicitly.  Kaya M.F. 
has used association rule discovery, topic modeling and decision trees for the semi-automated 
pattern labeling of business communication data [27].  It is shown that meaningful descriptions 
may be revealed from the generated labels for enhanced interpretation of the results compared 
to patterns delivered in high dimensional space. However, reliability is still a challenge due to 
mapping of original data space to reduced space using principal component analysis.  Peganova 
et. al. [14] used the hierarchical clustering for revealing the labels for scientific documents using 
the text content of abstracts, which they found useful for searching an article under a particular 
topic. In computer vision, clustering-based methods help generate pseudo-labels for object 
recognition and categorization, which are still being used because of their ability to capture 
intrinsic data similarities when prior labels are unavailable [28-31]. Zhang et al. have used 
clustering consensus to refine pseudo labels by eliminating noise and have reported 
improvement over existing state-of-the-art clustering-based unsupervised methods for image 
re-identification [28]. 
 
All of the proposed approaches have their benefits and limitations and are quite effective in 
generating labels, but no attention is being paid to the validation and refinement  using the 
available ground-truths. In this research article, we propose a hybrid approach AUSL to generate 
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fine labels by amalgamation of unsupervised (clustering and association rules) and supervised 
approaches for structured data, which are validated using existing class labels. 
 

METHODS 
The proposed methodology aims to automate the generation of cluster-specific labels for 
unlabeled data by collaborating the outcomes of ensemble clustering, ensemble classifier and 
association rule mining. In this section, we detail the proposed approach AUSL that follows a 
structured pipeline visually described in Fig. 1. The proposed method consists of two phases 
viz. Phase I: Ensemble Clustering and Discretization, and Phase II: Identifying Dominant 
Attributes using AdaBoost for reporting Rule-based Data Labels. Each of these two phases are 
detailed in the following subsections. 
 
Phase I: Ensemble Clustering and Discretization  
This phase involves clustering of data and its discretization, followed by cluster-wise 
segregation of discretized data to be used in Phase II. All the steps followed in this phase are 
explained below. 

1. Data Preprocessing: Correlation is used to identify the redundant attributes, which are 
removed before data clustering. Also, the remaining attributes are normalized to avoid 
bias of the machine learning algorithm towards domain attributes with larger values. It 
may be noted that this step is not explicitly mentioned in Fig. 1, but every data set is 
preprocessed before the clustering step. After preprocessing the data set, let d be the 
number of remaining attributes identified as 𝑎1, 𝑎2 . . 𝑎𝑑 each with the corresponding 
domain range as Rj=[lj,uj], where lj and uj denote the lower and upper bounds  for 
the attribute aj   respectively. 

2. Ensemble clustering: Three distinct clustering algorithms viz. k-means, spectral 
clustering, and agglomerative clustering are applied to the unlabeled data to fetch three 
clustering schemes. Afterwards, a co-association matrix is built using three clustering 
schemes to obtain a comprehensive and well-rounded representation of the entire data 
[26] required for ensemble clustering. This data matrix is used by k-means clustering 
algorithm to generate the desired number of k clusters 𝑪 = {𝐶1, 𝐶2, . . , 𝐶𝑘}. The final 
cluster labels serve as reliable groupings of data points, which are later utilized for 
generating data labels. 

3. Discretization: Data discretization is recommended for building accurate classifiers and 
is a pre-requisite for association rule mining used in Phase II for revealing informative 
labels. In order to improve data interpretability, the numerical continuous values are 
mapped to categorical values (distinct for each attribute) for simplifying the mapping 
process in phase II. Following the recommendation of [6,9], the equal frequency 
discretization method is used to map the domain range of numeric attributes to discrete 
categories. Let ∆(aj) be the categorized values of the domain range Rj. 

4. Fabrication: During this step, discretized data is mapped to its respective cluster labels 
that are generated by ensemble clustering. Cluster-wise discretized data is used by the 
supervised learner in Phase II for identification of cluster-wise dominant attributes, 
which are referred as principal attributes.  
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Figure 1: Two-Phase Framework followed in AUSL for Cluster-wise Rule-Based Data Label 

Generation. 
 
Phase II: Identifying Dominant Attributes using AdaBoost Classifier for Rule-based Data 
Labels  
This phase uses discretized data and their corresponding cluster labels to identify principal 
attributes using AdaBoost ensemble. Subsequently, discrete categories of cluster-specific 
dominant (principal) attributes are processed using association rule mining to reveal 
important and informative characteristics as labels. The following steps are applied in phase II 
for generating rule-based data labels (see Fig. 1).  

1. Identifying Dominant Attributes: In order to identify important attributes based on their 
predictive significance, we use Adaptive Boosting (AdaBoost) with Support Vector 
Machines (SVM) as base classifiers. Discretized records of each cluster are processed 
separately for identifying influential attributes from the original d attributes. Each 
attribute is treated as a target variable, and the remaining attributes serve as predictors. 
A k-fold stratified cross-validation technique is used to record mean classification 
accuracy, referred as hit rate (H), for the selected target attribute. The process is 
repeated d times and hit rate is computed for each attribute. Higher the hit rate of an 
attribute, higher is the predictive strength of attribute in classifying instances within the 
cluster. A dynamic statistical method is used to select important attributes with strong 
predictive performance from the d attributes on the basis of computed hit rates. Note 
that the selected attributes termed as principal attributes may vary across the clusters 

and are crucial for data labeling. Let 𝐿𝑖 = {𝑞1, 𝑞2, . . , 𝑞𝑝𝑖
} be the identified pi principal 

attributes for each cluster 𝐶𝑖. 
2. Association Rule Mining: It constitutes a critical component of the proposed methodology 

for extracting informative and explanatory data labels from the reduced domain 
consisting of the principal attributes. For each identified cluster 𝐶𝑖 , association rules are 
generated using the famous Apriori rule mining algorithm that identifies frequent item 
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sets iteratively while pruning the search space using the anti-monotone property [33]. 
For data labels, two-item rules X → Y are generated such that X ∈ ∆(Li). The consequent 
part (Y ) of the rules may contain discrete value of any other attribute which may not be 
part of ∆(Li). Rules, signifying dependency between categories, are captured at the user-
specific support, confidence and lift thresholds. Let Gi  be the set of such identified 
categories of size si =|Gi|such that si≤pi<d. These identified categories are then mapped 
back to original data space to generate cluster specific characteristics represented by 
data label ti for each cluster 𝐶𝑖 as shown below.  

 
𝑡𝑖 =∪𝑗∈𝑠𝑖  ]𝛼𝑗 , 𝛽𝑗] ⊂ 𝑅𝑗                                       (1) 

Here 𝛼𝑗  and 𝛽𝑗  denote the lower and upper limit of the identified categories with 𝑅𝑗  as 

the range of jth attribute in original data set. It is important to note here that user-
specified thresholds may need to be lowered for some clusters in case no data labels are 
reported because of underlying data sparsity and dependency.  

 
Complete methodology followed in the proposed approach is concisely described in 
Algorithm 1. 

 
Evaluation Methods 
This section lists the data sets used for the evaluation of the proposed method AUSL, followed 
by the description of validation metrics employed for performance evaluation. 
 
Data Sets and Experimental Settings: 
Table 1 lists the four data sets used in this study. The data sets are downloaded from UCI 
repository [34], and their details are presented in Table 1. To assess the effectiveness of AUSL, 
its performance on these data sets is compared with that for an approach proposed in [9].  
 
Algorithm 1: AUSL Method 

Input: Data Set D with #Instances N, #Clustering schemes M, #Clusters k, Hit rate H, User-
specified support S, Confidence F and Lift T 
Output: Data labels for k clusters 
Phase I: Ensemble Clustering and Discretization 

a) Pre-process the data set D to remove redundant (correlated) attributes and normalize 
the data. Let d be the number of remaining attributes 𝑎1, 𝑎2 . . 𝑎𝑑  with corresponding 

domain range 𝑅𝑗 = [𝑙𝑗, 𝑢𝑗] where 𝑙𝑗  and 𝑢𝑗  represent the lower and upper limit of the 

attribute  𝑎𝑗 , 𝑗 ∈ [1, 𝑑]. 

b) Generate M clustering schemes and create a co-association matrix showing frequency of 
co-occurrence of a pair of points in M schemes. Apply k-means algorithm on the matrix 
to get an ensemble clustering scheme 𝑪 = {𝐶1, 𝐶2, . . , 𝐶𝑘}.   

c) Apply equal frequency discretization method to get discrete categories Δ(𝑎𝑗) of each 

attribute 𝑎𝑗 . 

d) Map each attribute value in a cluster to corresponding discrete category (identified in 
step (c)). 

file:///C:/Users/PMLS/Dropbox/SSE%20Editor/5%20TECS/TECS%20Submissions/Submissions-19001-20000/TECS-19355.docx%23_bookmark4
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Phase II: Identifying Dominant Attributes using AdaBoost Classifier for Rule-based Data 
Labels 
For each cluster 𝐶𝑖 ∈ 𝐶 do 

i. Identify important attributes using AdaBoost with SVM as base classifier with hit 

rate >= H and refer them as 𝐿𝑖 = {𝑞1, 𝑞2, . . , 𝑞𝑝𝑖
} with   𝑝𝑖 as number of  principal 

attributes selected for 𝐶𝑖. 
ii. Apply Apriori algorithm to generate two-item sets rules 𝑋 → 𝑌 𝑠. 𝑡 𝑋 ∈  Δ(𝐿𝑖).  

iii. Filter out rules with user-specified support (S), confidence (F) and lift (T). 
iv. Generate data labels using X, Y of the filtered rules by mapping them to 

corresponding original attribute values. 

 
Table 1: Details of Data sets Used in the study. 

S.No Data set # Attributes # Records #Clusters URL 
1 Wheat 

Seeds 
8 210 3 https://archive.ics.uci.edu/dataset/236/seeds  

2 Iris 5 150 3 https://archive.ics.uci.edu/dataset/53/iris  

3 Wine 14 178 3 https://archive.ics.uci.edu/dataset/109/wine  

4 Algerian 
Forest 
Fire 

14 244 2 https://archive.ics.uci.edu/dataset/547/algeri
an+forest+fires+dataset  

 
All experiments in this study were carried out on a computer system with an Intel Core i3 
processor (13th generation) 1.60 GHz, 8 GB RAM, and a 512 GB SSD. The development 
environment was meticulously configured with Python 3.12.8, complemented by the essential 
libraries—NumPy, Pandas, Scikit-learn, and Matplotlib—that facilitated robust data analysis 
and visualization.  
 
The attributes were normalized (z-score normalization) using StandardScaler() function from 
scikit-learn library. For all data sets, features were discretized using KBinsDiscretizer() 
function for equal-frequency binning, where the values were divided into quantile-based bins 
resulting in different number of bins for different data sets. Cluster ensemble was generated 
using three distinct clustering algorithms viz. While clustering, k clusters are generated where 
k is set as the number of classes as ground truth with the data set. In case of unlabeled data, k 
may be computed using method given in [21]. For the classification component, an AdaBoost 
ensemble was generated using Support Vector Machine (SVM) with linear kernel as the base 
classifier, and the number of boosting rounds was fixed at 10. For each cluster, attributes 
exhibiting hit rates surpassing the median for that cluster were selected as the principal 
attributes unique to it. This range was carefully chosen to ensure that only the most informative 
attributes were retained for refined data labels, unless explicitly specified otherwise in the 
experimental context. The proposed approach AUSL has three main components viz. ensemble 
clustering, ensemble classifier and statistical method for attribute selection. To assess the 
contribution of each individual component to the overall quality of data labeling, we also 
designed an experimental study where only one component is modified at a time. Keeping rest 
of the components fixed, we vary Ensemble Clustering in AUSL-1, Adaboost Ensemble with 

https://archive.ics.uci.edu/dataset/236/seeds
https://archive.ics.uci.edu/dataset/53/iris
https://archive.ics.uci.edu/dataset/109/wine
https://archive.ics.uci.edu/dataset/547/algerian+forest+fires+dataset
https://archive.ics.uci.edu/dataset/547/algerian+forest+fires+dataset
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Linear SVM as base classifier in AUSL-2 and median-based attribute selection method in AUSL-
3, as followed in the compared method ALCD [9]. 
 
Validation Metrics: 
To ensure robustness and significance of the extracted rules, we employ established 
interestingness measures [35] for filtering rules, which are briefly explained below. 
• Support of a rule X → Y is defined as: 

S(X → Y ) =
|𝑡𝑔|

𝑋,𝑌⊆𝑡𝑔,
𝑡𝑔∈𝐶𝑖|

|𝐶𝑖|
 

with tg as  gth instance in the cluster 𝐶𝑖 with its total records |𝐶𝑖|. Considering Y as null, 
S(X) can be computed using above formula. We use minimum support threshold as 0.5 
for all experiments. 

• Confidence of a rule X → Y quantifies the reliability of the inference from X to Y and is 
defined as: 

F(X → Y ) = 
𝑆(𝑋→𝑌)

𝑆(𝑋)
 

We have used 0.8 as minimum confidence threshold in the experiments.  
• Lift metric of a rule X → Y captures the positive correlation between antecedent (X) and 

consequent (Y) of the rule, and is calculated as: 

T(X → Y ) = 
𝐹(𝑋→𝑌)

𝑆(𝑌)
 

 
All rules with T ≥ 1 are filtered out for data labeling. As the data labeling is constructed using 
identified cluster-specific rules (see (1)), we use Jaccard similarity score for their quality 

assessment [36]. The Jaccard similarity score is defined as  𝐽(𝐴, 𝐵) =
|𝐴∩𝐵|

|𝐴∪𝐵|
, which quantifies the 

similarity between two sets A and B by measuring the size of their commonality relative to all. 
We compute 𝐽(𝐴, 𝐵)  by comparing the cluster specific rules with the corresponding class 
specific rules to validate the robustness of the proposed method. Note that corresponding class 
of a cluster is identified using dominant class labels within it. Let 𝐽i be the Jaccard similarity 
score between cluster 𝐶𝑖  and the corresponding dominant class 𝐶𝑙𝑖 .  The average Jaccard 

similarity score for k clusters is computed as  ∑
𝐽𝑖

𝑘

𝑘

𝑖=1
. 

 
In all experiments, number of clusters (k) is set as the of number of classes in the data set to 
have a fair matching of generated labels. We have used S ≥ 0.5, F ≥ 0.8 and T ≥ 1 in all the 
experiments unless mentioned explicitly.  
 

RESULTS 
This section describes the results reported by the proposed method AUSL on the four UCI data 
sets listed in Table 1.  Delineated data labels are generated using high confidence association 
rules. We validate the effectiveness of the delivered data labels using Jaccard similarity score 
by assessing the alignment between cluster-derived and class-specific knowledge. We report 
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and discuss the results of different experiments conducted to affirm the performance of the 
proposed method.  
 
In the initial experiment, we examine the effect of confidence threshold F on the stability and 
consistency of cluster-specific labels using two data sets. We compute the Jaccard similarity 
score for confidence thresholds of 60%, 70%, 80%, and 90%. As illustrated in Figure 2, the 
cluster-wise comparison reveals that the Jaccard similarity remains stable up to an 80% 
threshold across both data sets. Beyond this point, increasing the threshold impacts the 
similarity score.  
 

 
Figure 2: Impact of varying confidence value on the Jaccard score used for capturing similarity 

between cluster-specific rules and class-specific rules. 
 

  
Figure 3: Comparative performance of AUSL 

and ALCD on four data sets: AlgerianFF-
Algerian Forest Fire. 

Figure 4: Component-wise performance of 
AUSL and ALCD on four data sets. 
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Consequently, we proceed with F≥0.8 in subsequent analyses. Next, we validate the enhanced 
data labeling performance of the proposed method AUSL by comparing its results across four 
data sets with those obtained using the approach introduced in [9], which we refer to as ALCD 
in the discussion. Figure 3 shows the average Jaccard similarity scores computed for  the four 
datasets. The consistently higher similarity scores achieved by AUSL across all data sets is 
indicative of its superior ability to capture finer data labels, demonstrating its marked 
improvement over the existing ALCD approach. 
 
We also check the effectiveness of individual component of the proposed method which we 
refered as AUSL-1, AUSL-2 and AUSL-3 (See Sec. 3.3.1 for details). As shown in Figure 4, the 
results confirm the positive impact of these modifications, demonstrating their positive 
influence on the approach. Notably, performance is comparable or improved across all cases, 
with the exception of AUSL-2 on the Wine data set as well as AlgerianFF. The deteriorated result 
in this case may be attributed to overfitting of the Adaboost SVM ensemble and require fine 
parameter tuning. 
 

Table 2: Comparing data labels reported by AUSL and ALCD using two data sets. 
Data Set  AUSL ALCD 
Wine C# Attribute Range Attribute Range 
 1 Alcohol 

Color intensity 
11.03~12.52 

1.28~3.74 
Alcohol 
Color intensity 
Magnesium 

11.03~12.52 
1.28~3.74 

70~90 
 2 Flavanoids 

OD280/OD315 
0.34~1.50 
1.27~2.30 

Flavanoids 
OD280/OD315 
Hue 

0.34~1.50 
1.27~2.30 
0.48~0.87 

 3 Total phenols 
Proline 

2.61~3.88 
835~1680 

Total phenols 
Proline 
Flavanoids 

2.61~3.88 
835~1680   
2.65~5.08 

WheatSeeds 1 Area 
Kernel Length 
Kernel Width 

16.17~21.18 
5.83~6.67 
5.65~6.55 

Area 
Perimeter 

16.17~21.18 
15.18~17.25 
 

 2 Area 
Kernel Width 

10.59~12.80 
2.63~3.04 

Area 
Kernel Length 

13.67~15.18 
4.90~5.36 

 3 Area 
Perimeter 

12.80~16.17 
13.67~15.18 

Area 
Perimeter 

12.80~16.17 
13.67~15.18 

 
In the next experiments, we compare the data labels generated by AUSL with that of ALCD on 
two data sets viz. Wine and WheatSeed using H>=80% and F>=0.8. The experiments were 
recreated as reported in  ALCD using 3 bins for discretisation of the attributes and keeping the 
number of clusters (k) same as number of classes in the data set.  Table 2 shows the comparative 
data labels reported by ALCD and AUSL. The obtained clusters for both methods are mapped 
using majority of overlapped data points. In case of Wine data, both methods have reported two 
common attributes with same data range in all three clusters. However, ALCD has reported one 
additional attribute for each cluster that was dominant attribute.  This attribute is removed in 
case of AUSL because it could not meet the confidence threshold of its rule patterns in the 
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corresponding cluster. Results on WheatSeed data also vindicate better labeling by AUSL due 
to detection of finer patterns, as compared to ALCD. Manual inspection of the data also confirms 
the obtained results. Final or similar data range, but with superior Jaccard score affirms (see 
Figs. 3 and 4) better capability of AUSL to deliver refined data labels as per underlying patterns 
and structural associations. Finer data labels with improved performance captured through 
higher Jaccard similarity score on the labeled data vindicate the effectiveness of the proposed 
approach. Therefore, applying the method to unlabeled data will similarly showcase its capacity 
to accurately identify labels that truly represent the underlying data patterns. 
 

DISCUSSION 
The proposed AUSL framework combines unsupervised ensemble clustering with supervised 
AdaBoost SVM and unsupervised association rule mining to automate data labeling for 
structured data. AUSL reduces manual effort while  utilizing the strengths of both types of 
machine learning approaches. Experimental results on four datasets show that AUSL achieves 
finer, more interpretable labels than an existing method and its variation, with average hit rates 
exceeding 90% and confidence levels above 80%, thus demonstrating robust and reliable label 
generation.  Also, the validation of the generated labels with those computed using ground-
truth class labels using Jaccard score affirms the robustness of the proposed approach. These 
findings imply that AUSL is highly effective for applications requiring large-scale, accurate data 
labeling, such as customer relationship management, target marketing, and recommender 
systems.  
 
Limitations 
Although the approach has been proved to be highly effective, it incurs an increased 
computational complexity for the high dimensional data due to integration of multiple machine 
learning algorithms [37] and is sensitive to choices of parameter values in association rule 
mining, which still require manual intervention. Overall, AUSL provides an automatic, scalable 
and interpretable approach that enhances automated data labeling, while also highlighting 
opportunities for future enhancements in efficiency, scalability and adaptability to large 
unstructured data. 
 

CONCLUSION 
This study provides an innovative method AUSL, which is an amalgamation of ensemble 
clustering, Adaboost SVM ensemble and association rule mining for labeling the structured 
data. Ensemble clustering is employed to get robust clustering scheme so that generated data 
labels are of good quality. Original numeric data are discretized using equal frequency 
discretization method to get discrete values imperative for classification and association rule 
mining in the proposed methodology. The instances of the obtained clusters are then mapped 
to discretized space and assessed by Adaboost SVM ensemble for revealing corresponding 
dominant attributes. Subsequently, association rule mining is applied for identifying prevalent 
characteristics of the dominant attributes and those with high confidence are reported as data 
labels by mapping to original data space. The finer data labels in terms of rules not only capture 
the dependency between data characteristics but also reflects the refined domain range of the 
corresponding attribute. Future work could focus on scaling the method to high-dimensional 
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data, adapting it for unstructured formats like text or images, and incorporating automated 
parameter tuning through optimization or weak supervision techniques. 
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