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Abstract 

Financial clustering plays an important role in uncovering hidden patterns and supporting decision-making in high-dimensional financial 

statement analysis. However, clustering performance is often constrained by noisy, redundant, and heterogeneous attributes that reduce cluster 

quality, interpretability, and robustness. Although previous studies in financial analytics have extensively explored clustering algorithms, limited 

attention has been given to systematically evaluating feature-selection-based attribute weighting strategies for improving clustering effectiveness 

in complex financial datasets. This study investigates the effectiveness of 6 feature-selection-based weighting strategies for improving financial 

statement clustering using annual financial data from 604 publicly listed companies on the Indonesia Stock Exchange during 2020-2023. Rather 

than relying solely on feature filtering, the evaluated methods were utilized to prioritize informative financial attributes and improve clustering 

structure. Clustering performance was assessed using internal validation metrics, including the Silhouette Coefficient, Dunn Index, Calinski 

Harabasz Score, and Davies Bouldin Index to evaluate cluster compactness, separation, and overall quality. The results demonstrate that feature-

selection-based weighting substantially improves clustering quality compared with the baseline. Fisher Score achieved the strongest overall 

performance with a Silhouette score of 0.9899, Dunn Index of 1.7238, and Davies Bouldin Index of 0.0034, outperforming the baseline values 

of 0.8678, 0.3509, and 0.8716, respectively. Autoencoder-based ranking also produced highly competitive results, achieving a Silhouette score 

of 0.9757 and a Calinski Harabasz Index of 37,105.45. These findings indicate that prioritizing informative financial attributes significantly 

enhances cluster compactness, separation, and interpretability. The study contributes a comprehensive comparative evaluation of feature-

selection-based weighting schemes and provides practical insights for financial segmentation, risk profiling, decision support, and data-driven 

financial analytics. This study further offers a foundation for developing more robust clustering frameworks for complex financial datasets. 

Keywords: Financial Clustering, Feature-Selection-Based Attribute Weighting, Clustering Performance, High-Dimensional Financial Statement Analysis, K-

Means, Agglomerative Hierarchical Clustering 

1. Introduction 

Clustering has been a cornerstone of financial data analysis for decades, serving as a fundamental tool for uncovering 

hidden patterns and segmenting complex datasets into meaningful groups. The growing volume and complexity of 

financial data have necessitated the development of advanced techniques for data analysis and clustering. Financial 

datasets are inherently heterogeneous, often combining transactional histories, credit-related indicators, demographic 

characteristics, and market-driven variables, each contributing different forms of informational value and uncertainty 

[1], [2], [3], [4]. Prior studies have demonstrated that transactional and behavioral financial records capture operational 

patterns [1], credit-related variables reflect risk and solvency characteristics [2], demographic factors influence 

financial decision-making behavior [3], while market trends introduce external volatility and macroeconomic dynamics 

[4].  

Collectively, these studies highlight that financial data are not only high-dimensional but also exhibit varying levels of 

feature relevance, redundancy, and interdependence, creating substantial challenges for clustering and pattern 

discovery. Such complexity motivates the need for advanced analytical techniques, particularly feature selection and 

weighting mechanisms, to identify informative variables while minimizing noise and redundancy. Advanced 

techniques for financial data analysis increasingly incorporate machine learning algorithms [5], dimensionality 
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reduction approaches [6], and feature selection methods [7] to efficiently process complex financial accounting datasets 

[8], uncover hidden patterns [9], and group firms into meaningful categories that support interpretability and decision-

making [10].  

Research in clustering financial datasets has advanced significantly, incorporating various techniques to address 

specific challenges such as Advanced Clustering Algorithms [11], [12], Integration Clustering with Machine Learning 

[13], Attribute Weighting Schemes, and Scalability for Big Data. One important challenge in financial clustering is 

determining how feature selection methods can be utilized as attribute weighting schemes to improve clustering 

performance. Financial datasets often contain high-dimensional and heterogeneous attributes, where not all features 

contribute equally to the clustering objective. Irrelevant or redundant features can introduce noise, reduce efficiency, 

and obscure meaningful patterns. By leveraging feature selection techniques to identify and assign appropriate weights 

to attributes, clustering algorithms can better reflect the importance of each feature, leading to more accurate and 

interpretable groupings. This approach not only addresses the challenges of high-dimensionality and feature relevance 

but also improves the scalability and precision of clustering in financial applications such as customer segmentation 

[14], fraud detection [15], and credit risk assessment [16]. Therefore, exploring effective feature-weighting strategies 

is essential for improving clustering robustness and interpretability in increasingly complex financial environments. 

The Indonesia Stock Exchange (IDX) provides a challenging setting for financial clustering due to its heterogeneous 

industrial composition, complex financial reporting structures, and post-pandemic market volatility. This study 

analyzes financial statements from 604 publicly listed companies across 11 industrial sectors during 2020–2023, 

comprising 264 financial accounts derived from balance sheets, cash flow statements, and income statements. Such 

diversity introduces substantial feature interdependence, redundancy, and noise, limiting the effectiveness of 

conventional clustering approaches. Although financial clustering research has expanded, prior studies have primarily 

focused on customer segmentation, fraud detection, credit risk assessment, or forecasting, while limited attention has 

been devoted to clustering corporate financial statements in emerging markets. Moreover, existing studies 

predominantly emphasize dimensionality reduction or static feature filtering, with limited investigation into feature-

selection outputs as attribute-weighting mechanisms for improving clustering robustness and interpretability in high-

dimensional financial data. 

To address this gap, this study evaluates multiple feature selection methods as attribute-weighting schemes for financial 

statement clustering while preserving the complete feature space. Rather than eliminating variables, feature importance 

scores are utilized to prioritize informative financial attributes and reduce the influence of noisy features during 

clustering. The evaluated approaches include genuine unsupervised feature selection methods (Variance Threshold, 

Spectral Analysis using Laplacian Score, Multi-Cluster Feature Selection, and Information-Theoretic Approaches) 

alongside adapted feature-ranking methods (Autoencoder-based ranking and Fisher Score using pseudo-cluster labels 

from K-Means). Unlike PCA, RFE, or supervised embedded methods that reduce interpretability or require labeled 

data, the proposed framework prioritizes interpretable feature weighting suitable for unsupervised financial clustering. 

By integrating statistical, graph-based, clustering-aware, information-theoretic, and deep learning perspectives, this 

study systematically compares feature-selection-based weighting strategies and identifies Fisher Score and 

Autoencoder-based ranking as the most effective approaches for high-dimensional financial analytics. 

2. Literature Review 

Nowadays, applied data science has been implemented in most domains. One of them is in financial data. Previous 

studies highlighted the importance of clustering in financial data analysis. Research by [17] applied cluster analysis 

methods to segment companies based on their financial strategies data. Another study by [18] employed cluster and 

histogram-based anomaly detection to find anomalies in general ledgers of a real company in Bosnia and Herzegovina, 

demonstrating its effectiveness in identifying outliers. However, both studies noted that the performance of clustering 

algorithms heavily depends on the quality and relevance of the input features. 

Feature selection, which is mentioned as the way to improve the quality and relevance of the input features, has been 

widely explored to enhance clustering performance in various domains. Mutual information-based methods have been 

effective in identifying relevant features that effectively select a less redundant and give more relevant set of features 
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[19]. Principal Component Analysis (PCA) is another popular technique, often used to reduce dimensionality and 

capture data distribution in datasets [20]. Recursive Feature Elimination (RFE), as demonstrated by [21], has shown 

promise in reducing uninformative features in nanomaterial grouping classification. Both Laplacian score and K-means 

for damage characterization in acoustic [22]. Variance Threshold is a simple feature selection technique that removes 

features with low variance [23]. The underlying assumption is that features with low variance are less informative. This 

method is often used as a preprocessing step in machine learning workflows to reduce dimensionality and improve 

model performance such as in Intrusion Detection System study case [24] and Magelang Duck Egg Candling Image 

[25]. However, this study focuses on unsupervised feature selection approaches that are more suitable for clustering-

based financial segmentation 

Laplacian Score is a spectral feature selection method that evaluates the quality of features based on the local structure 

of the data. It aims to preserve the local neighborhood information while reducing dimensionality [26]. Unsupervised 

spectral feature selection algorithms were applied for omics datasets [27] and gene expression profiles in human cancers 

[28]. MCFS is another feature selection method that identifies relevant features by leveraging the clustering structure 

of the data. It selects features that contribute to the formation of multiple clusters [29]. Autoencoders are neural 

networks used for unsupervised learning of efficient coding’s. They can also be employed for feature ranking by 

analyzing the reconstruction error or the learned representations [30]. The Fisher Score is a supervised feature selection 

method that evaluates features based on the ratio of between-class variance to within-class variance [31]. It is widely 

used in classification tasks. Information-theoretic approaches for feature selection focus on maximizing the information 

gained from features concerning the target variable. An example of this method is for high dimensional data [32]. 

Several researchers have incorporated attribute weighting schemes to improve clustering results. For example, [33] 

proposed a weighted K-Means algorithm for groundwater resource planning that assigns weighted based on radius and 

mean value. Similarly, a study by [34] integrated AHP-Entropy weight method and the improved Euclidean distance 

calculation to obtain more accurate clustering results in segmenting e-commerce customer method based on RFM 

Model. Despite these advances, there is a need for further exploration of weighting schemes tailored to financial 

datasets [35], particularly those integrating real-world complexities such as missing values [36], handling mix type of 

dataset [37], transfer relationships of attribute weighting between groups [38], and noise [39]. 

Evaluating the effectiveness of attribute weighting schemes in clustering tasks involves several key metrics that assess 

both the quality of the clustering and the appropriateness of the assigned weights. Commonly used metrics include 

Precision [36], [40], [41], [42], Recall [36], [38], [40], [42], Accuracy [37], [41], [42], [43], [44], [45]. Additionally, 

the F1-score is utilized by [36], [46] to evaluate weighting performance by comparing the sets of features with the 

highest weights, providing insight into the relevance of selected attributes. These metrics collectively offer a 

comprehensive evaluation framework, ensuring that the attribute weighting schemes enhance clustering performance 

by accurately reflecting feature importance and improving the overall quality of the clustering results. But another 

clustering evaluation metrics such as Adjusted Rand index [37], [43], [45], Normalized Mutual Information [47], 

Silhouette Score [44], Dunn Index, and Davies-Bouldin Index are widely used to evaluate the effectiveness of clustering 

and can also assess the impact of attribute weighting schemes in clustering tasks. 

Although prior studies have shown that attribute weighting can improve clustering performance, most approaches rely 

on manually designed weighting strategies, domain-specific heuristics, or optimization frameworks, while limited 

attention has been given to feature-selection-based weighting for unsupervised financial statement clustering. Existing 

studies also tend to focus on single techniques or non-financial contexts, providing limited comparative understanding 

of different feature-prioritization strategies in high-dimensional financial environments. To address this gap, this study 

systematically compares six feature-selection-based weighting approaches for clustering financial statements of 

Indonesia Stock Exchange (IDX) companies, including genuine unsupervised feature selection methods (Variance 

Threshold, Spectral Analysis, Multi-Cluster Feature Selection, and Information-Theoretic Approaches) and adapted 

feature-ranking approaches (Autoencoder-based ranking and Fisher Score using pseudo-cluster labels). Unlike 

conventional weighting methods that depend on external optimization or feature elimination, this study preserves the 

complete feature space and operationalizes feature importance scores as attribute-weighting mechanisms to improve 

clustering robustness and interpretability across multiple clustering algorithms and validation metrics. 
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3. Methodology 

This section describes the methodology employed to evaluate the effect of feature-selection-based weighting on 

clustering performance in financial statement data from companies listed on the Indonesia Stock Exchange (IDX). The 

overall process consists of five main stages: data preprocessing, feature relevance estimation, feature weighting and 

weighted representation, clustering, and clustering evaluation. To ensure fair distance computation, all numerical 

features were normalized using Min-Max scaling. Subsequently, six feature-prioritization approaches were applied to 

estimate attribute importance, including genuine unsupervised feature selection methods such as Variance Threshold, 

Spectral Analysis (Laplacian Score), Multi-Cluster Feature Selection (MCFS), and Information-Theoretic Approaches, 

alongside adapted feature-ranking approaches including Autoencoder-based ranking and Fisher Score using pseudo-

cluster labels generated through K-Means. Rather than explicitly removing variables, the importance scores generated 

by each method were transformed into normalized feature weights and applied to the complete feature space to 

emphasize informative financial attributes while reducing the influence of noisy or less relevant variables. To 

comprehensively evaluate the impact of feature-selection-based weighting on clustering performance, two clustering 

algorithms representing different paradigms were employed: K-Means (partition-based) and Agglomerative 

Hierarchical Clustering (hierarchical-based). Clustering quality was subsequently assessed using multiple internal 

validation metrics, including the Silhouette Coefficient, Dunn Index, Calinski Harabasz Score, and Davies Bouldin 

Index. Finally, the proposed weighting strategies were compared against baseline clustering without feature weighting 

to evaluate their effectiveness in improving cluster compactness, separation, and overall clustering quality. Figure 1 

illustrates the proposed methodological framework. 

 

Figure 1. Proposed Method 

3.1. Dataset and Computing Infrastructure 

This study utilizes a publicly available dataset obtained from Kaggle, consisting of annual financial statement data 

from 604 publicly listed companies on the Indonesia Stock Exchange (IDX) during 2020–2023. After transforming 

financial records into a company-feature matrix, the dataset comprised 604 observations and 1,056 financial attributes 
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derived from 264 financial statement accounts across Balance Sheet (BS), Cash Flow (CF), and Income Statement (IS) 

categories. 

The dataset covers 11 industrial sectors, including Healthcare, Financials, Energy, Technology, Consumer sectors, 

Transportation & Logistics, and Properties & Real Estate, reflecting substantial heterogeneity in financial reporting 

structures, capital intensity, and operational characteristics. Although sectoral representation is imbalanced, the original 

composition was intentionally preserved to maintain the real-world structure of the Indonesian capital market and 

evaluate clustering performance under authentic financial conditions. All analyses were conducted using Python 3.9 

on a Windows 11 (64-bit) system with an Intel Core i7-9750H CPU and 8 GB RAM. 

3.2. Preprocessing 

The preprocessing stage involves several essential procedures to ensure data quality, consistency, and suitability for 

feature selection and clustering analysis. Initially, the raw dataset containing financial statement information from 264 

accounts was transformed from a row-based representation into a structured columnar format, where each feature 

corresponds to a specific financial account. These features were categorized into three principal financial statement 

groups, namely Balance Sheet (BS), Cash Flow (CF), and Income Statement (IS). 

The preprocessing stage was conducted to ensure data consistency and suitability for feature weighting and clustering 

analysis. Initially, financial statement records were transformed into a structured feature matrix where each attribute 

corresponds to a specific financial account. Exploratory assessment revealed 315,897 missing values (49.48% of the 

dataset), primarily reflecting heterogeneous reporting practices and non-applicable financial accounts across firms and 

sectors. To preserve dataset completeness and avoid information loss, missing values were handled using zero 

imputation (fillna(0)), assuming that unavailable accounts frequently indicate absent or non-reported financial activities 

rather than recording errors. 

To ensure numerical consistency, formatting symbols and comma delimiters were removed prior to analysis. Since 

financial variables exhibit highly heterogeneous magnitudes, Min-Max normalization was applied to transform features 

into a standardized range of [0,1], preventing large-scale variables from disproportionately influencing distance-based 

clustering methods such as K-Means and Agglomerative Hierarchical Clustering (AHC). Explicit outlier removal was 

not performed, as extreme financial values may represent genuine economic conditions, including financial distress, 

extraordinary gains, or sector-specific capital structures. Instead, normalization was employed to reduce scale 

dominance while preserving authentic financial variability across firms. Table 1 shows an example of the dataset. 

Table 1. Dataset 

symbol account type 2020 2021 2022 2023 category 

AALI Accounts Payable BS 
770,264,000,0

00 

1,026,717,000

,000 

1,224,423,000

,000 

842,064,000,0

00 

CONSUMER NON 

CYCLICALS 

AALI Accounts Receivable BS 
765,849,000,0

00 

458,135,000,0

00 

848,770,000,0

00 

674,487,000,0

00 

CONSUMER NON 

CYCLICALS 

AALI 
Accumulated 

Depreciation 
BS 

(10,920,948,0

00,000) 

(12,133,813,0

00,000) 

(13,303,749,0

00,000) 

(14,436,847,0

00,000) 

CONSUMER NON 

CYCLICALS 

AALI 
Additional Paid In 

Capital 
BS 

3,878,995,000

,000 

3,878,995,000

,000 

3,878,995,000

,000 

3,878,995,000

,000 

CONSUMER NON 

CYCLICALS 

AALI 

Allowance For 

Doubtful Accounts 

Receivable 

BS 
(24,261,000,0

00) 

(24,543,000,0

00) 

(27,057,000,0

00) 

(26,516,000,0

00) 

CONSUMER NON 

CYCLICALS 

AALI Basic Average Shares IS 1,924,688,333 1,924,688,333 1,924,688,333 1,924,688,333 
CONSUMER NON 

CYCLICALS 

AALI Basic EPS IS 433 1,024 897 549 
CONSUMER NON 

CYCLICALS 

AALI 
Beginning Cash 

Position 
CF 

383,366,000,0

00 

978,892,000,0

00 

3,896,022,000

,000 

1,619,616,000

,000 

CONSUMER NON 

CYCLICALS 

AALI 
Buildings And 

Improvements 
BS 

4,775,744,000

,000 

4,858,140,000

,000 

4,926,098,000

,000 

5,028,178,000

,000 

CONSUMER NON 

CYCLICALS 

AALI Capital Expenditure CF 
(999,198,000,

000) 

(1,229,482,00

0,000) 

(1,379,444,00

0,000) 

(1,236,337,00

0,000) 

CONSUMER NON 

CYCLICALS 
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symbol account type 2020 2021 2022 2023 category 

… …. … … … … … … 

ZINC Total Tax Payable BS 2,191,522,069 2,123,986,973 1,142,167,582 3,629,701,805 BASIC MATERIALS 

ZINC Total Unusual Items IS 2,459,340,945 
10,966,950,89

7 
747,497,939 81,174,742 BASIC MATERIALS 

ZINC 
Total Unusual Items 

Excluding Goodwill 
IS 2,459,340,945 

10,966,950,89

7 
747,497,939 81,174,742 BASIC MATERIALS 

ZINC 
Tradeand Other 

Payables Non Current 
BS 

154,245,597,1

29 
3,418,800,000 3,418,800,000 3,418,800,000 BASIC MATERIALS 

ZINC Work In Process BS 375,770,262 375,770,262 3,874,521,715 
70,672,919,99

8 
BASIC MATERIALS 

ZINC Working Capital BS 
53,655,888,67

2 

459,909,106,3

36 

(30,236,329,8

14) 

128,536,743,3

15 
BASIC MATERIALS 

3.3. Feature Relevance Estimation 

This study distinguishes feature selection from attribute weighting, as both concepts are closely related but conceptually 

different. Conventional feature selection typically aims to identify and remove irrelevant variables to reduce 

dimensionality, whereas attribute weighting assigns different levels of importance to features during model 

construction. Although the evaluated methods originate from the feature selection literature, this study operationalizes 

them as feature-selection-based weighting mechanisms by transforming feature importance scores into normalized 

attribute weights prior to clustering. Consequently, the complete financial feature space (1,056 attributes) is preserved, 

while the influence of informative variables is emphasized and noisy or less relevant attributes are attenuated without 

explicit feature elimination. For example, highly weighted financial indicators such as liquidity, cash position, or 

investment-related variables exert greater influence during distance computation, thereby improving cluster 

separability and interpretability in heterogeneous financial data. 

To estimate feature relevance, six complementary approaches were employed, consisting of genuine unsupervised 

feature selection methods and adapted feature-ranking techniques. Variance Threshold was included as a statistical 

baseline to identify low-information features based on variance. Spectral Analysis using Laplacian Score [48] captures 

local neighborhood structures and nonlinear relationships among financially similar firms. Multi-Cluster Feature 

Selection (MCFS) evaluates feature relevance by preserving latent multi-cluster structures through spectral embedding. 

Information-Theoretic Approaches assess attribute importance using entropy-based information content without 

relying on labeled classes. In addition, Autoencoder-based ranking was adopted as a deep learning-driven feature-

ranking approach capable of modeling nonlinear dependencies in financial statements through reconstruction behavior. 

Fisher Score was adapted for unsupervised settings by utilizing pseudo-cluster labels generated through K-Means to 

evaluate inter-cluster separability and intra-cluster compactness. Together, these approaches enable a systematic 

comparison of statistical, graph-based, clustering-aware, information-theoretic, and deep learning-driven weighting 

strategies for high-dimensional financial clustering.                               

3.4.Feature Weighting and Weighted Representation 

In unsupervised learning scenarios, particularly for clustering tasks, it is essential to identify and emphasize features 

that contribute meaningfully to the intrinsic structure of the data. Feature weighting refers to the process of assigning 

important scores to individual features based on their ability to preserve data topology, local neighborhood structure, 

or statistical variability. 

𝑋𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑 = 𝑋𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 × 𝑛𝑜𝑟𝑚_𝑤𝑒𝑖𝑔ℎ𝑡𝑠                                                 (1) 

These normalized weights in Eq. (1) were subsequently used to reweight the original features by element-wise 

multiplication, resulting in a feature-weighted dataset. These transformations not only reduce computational 

complexity but also enhance cluster separability by eliminating redundancy and highlighting hidden data patterns. 

When used together or in sequence, feature weighting and transformation form a powerful preprocessing strategy to 

support effective unsupervised clustering and data exploration. 
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3.5. Clustering 

To evaluate the effectiveness of feature-selection-based weighting on clustering quality, two clustering algorithms 

representing different paradigms were employed: K-Means (partition-based) and Agglomerative Hierarchical 

Clustering (AHC, hierarchical-based). Prior to the main experiments, an exploratory procedure was conducted to 

determine an appropriate number of clusters by evaluating candidate configurations ranging from (k = 2) to (k = 5) 

using multiple internal validation metrics, including the Silhouette Score, Dunn Index, Calinski Harabasz Index, and 

Davies Bouldin Index. As shown in table 2, although (k = 2) achieved slightly stronger compactness-related 

performance, (k = 3) was selected as a more balanced and interpretable clustering configuration. In the context of 

heterogeneous financial statement data from IDX-listed companies, the three-cluster structure provided richer 

differentiation of firms with varying liquidity, solvency, and operational characteristics while maintaining strong 

clustering quality. The literature on K-Means clustering can handle categorical and mixed data types [49]. Therefore, 

(k = 3) was consistently applied across all experiments to ensure methodological consistency and interpretability. 

The clustering experiments employed K-Means and AHC to evaluate the impact of feature-selection-based weighting 

schemes. For K-Means, clustering was implemented using the k-means++ initialization strategy with a fixed 

‘random_state = 0’ to improve centroid stability and ensure reproducibility. Default convergence parameters from the 

Scikit-learn implementation were retained. For AHC, Ward linkage with Euclidean distance was employed to 

iteratively merge observations while minimizing within-cluster variance. This linkage criterion was selected due to its 

ability to generate compact and homogeneous clusters, which is particularly suitable for heterogeneous financial 

statement data characterized by interdependent accounting attributes. Since feature weights modify the contribution of 

financial variables during distance computation, the use of both partition-based and hierarchical clustering paradigms 

enables a more robust assessment of clustering behavior under different structural assumptions. Recent studies have 

demonstrated that integrating feature weighting into AHC can significantly enhance clustering performance. For 

instance, algorithm [50] introduces cluster-dependent feature weights using the Lp norm, allowing each feature to have 

varying relevance across different clusters. This approach effectively resizes features based on their importance, 

leading to more accurate and meaningful cluster formations. Furthermore, the Weighted Hierarchical Agglomerative 

Clustering Ensemble (WHAC) method [51] proposes a novel similarity measurement at the cluster level, determining 

the merit of individual clustering methods and enhancing the robustness of the clustering process. 

Table 2. Cluster Number Evaluation Prior to Clustering Experiments 

n_cluster Silhouette Dunn Index CalinskiHarabasz DaviesBouldin 

2 0.8742 0.2277 172.6818 1.1432 

3 0.8682 0.2277 142.3561 1.1329 

4 0.8165 0.1514 130.5335 1.0700 

5 0.7786 0.1260 136.4099 1.0096 

3.6. Clustering Evaluation 

By applying these three clustering algorithms to both the original and the feature-weighted datasets, we assess whether 

feature importance learned through unsupervised methods improves cluster formation. Clustering performance is 

evaluated using multiple internal validation metrics such as Silhouette Coefficient, Dunn Index, Calinski-Harabasz 

Score, and Davies-Bouldin Index, allowing for a multi-faceted analysis of compactness, separability, and cluster 

quality. To ensure a comprehensive evaluation, each clustering algorithm was applied consistently across datasets 

transformed by different unsupervised feature selection techniques. This design enables a direct comparison of how 

each feature selection strategy influences the structural quality of clusters.  

4. Results and Discussion 

This section evaluates the effectiveness of feature-selection-based weighting schemes in improving clustering quality. 

Six weighting approaches Variance Threshold, Spectral Analysis (Laplacian Score), Multi-Cluster Feature Selection 

(MCFS), Autoencoder-based ranking, Fisher Score, and Information-Theoretic Approaches were integrated with K-
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Means and Agglomerative Hierarchical Clustering (AHC), alongside a baseline without weighting. Clustering quality 

was assessed using the Silhouette Score, Calinski Harabasz Index, Davies Bouldin Index, and Dunn Index. As shown 

in table 3, feature-selection-based weighting generally improved clustering quality compared to the baseline, 

confirming the importance of prioritizing informative financial attributes in high-dimensional financial statement data. 

Table 3. Experiment Result of All Features 

FeatureSelector Clustering Silhouette CalinskiHarabasz DaviesBouldin Dunn 

VarianceThreshold AHC 0.873891912 143.4316737 0.840238372 0.315752072 

VarianceThreshold KMeans 0.883881621 141.7812501 0.825387232 0.358167763 

SpectralAnalysis AHC 0.910242551 1841.826424 0 0.285017713 

SpectralAnalysis KMeans 0.910242551 1841.826424 0 0.285017713 

MCFS AHC 0.86117588 86.94675505 1.139868732 0.518016933 

MCFS KMeans 0.803374922 88.09732936 1.569478925 0.20255736 

Autoencoder AHC 0.97567325 37105.44955 0.009007641 0.631210287 

Autoencoder KMeans 0.97567325 37105.44955 0.009007641 0.631210287 

FisherScore AHC 0.989877415 3818.588865 0.003436437 1.723789063 

FisherScore KMeans 0.989877415 3818.588865 0.003436437 1.723789063 

InformationTheoreticApproaches AHC 0.862758651 136.7629318 0.854045133 0.290897025 

InformationTheoreticApproaches KMeans 0.861041195 135.8203209 0.531354129 0.326755613 

BaseLine AHC 0.867786887 146.3307913 0.871579585 0.350889338 

BaseLine KMeans 0.867786887 146.3307913 0.871579585 0.350889338 

Among the evaluated methods, Fisher Score achieved the strongest and most consistent performance, obtaining the 

highest Silhouette and Dunn Index values alongside a very low Davies Bouldin Index, indicating highly compact and 

well-separated clusters. This performance may be attributed to Fisher Score’s ability to emphasize features exhibiting 

strong inter-cluster discrimination while minimizing intra-cluster variation, thereby improving the separation of firms 

with heterogeneous financial profiles. Similarly, Autoencoder-based ranking demonstrated strong performance, 

particularly in the Calinski Harabasz Index, reflecting its effectiveness in capturing nonlinear dependencies and latent 

financial structures embedded in complex accounting relationships. Since financial statements often contain 

interdependent variables, deep representation learning enables more informative weighting of financially relevant 

attributes. 

Spectral Analysis (Laplacian Score) also produced robust clustering results by preserving local neighborhood 

relationships among firms, indicating that graph-based weighting can effectively capture structural similarity in 

financial statements. In contrast, MCFS and Information-Theoretic Approaches showed relatively weaker performance, 

potentially due to sensitivity to sectoral heterogeneity, sparse financial characteristics, and noisy accounting variables 

common in IDX financial data. 

The findings further suggest that effective feature weighting reduces dependence on clustering algorithms. For stronger 

weighting approaches such as Fisher Score and Autoencoder-based ranking, K-Means and AHC produced nearly 

identical results, indicating that informative feature prioritization creates a more stable and separable clustering 

structure. Conversely, weaker weighting schemes exhibited greater sensitivity to clustering strategy, with AHC 

generally showing higher robustness in handling heterogeneous financial profiles.  

The visualization of clustering results across various methods, as illustrated in the PCA scatter plots in figure 2, 

demonstrates that incorporating feature selection significantly enhances cluster separability compared to the baseline. 

While the baseline (figure 2) exhibits dense data accumulation with poorly defined margins, the application of feature 



Journal of Applied Data Sciences 

Vol. 7, No. 3, September 2026, pp. 1914-1927 

ISSN 2723-6471 

1922 

 

 

 

weighting techniques such as Fisher Score, Mutual Information, and MCFS effectively suppresses noise and 

emphasizes discriminative attributes, leading to clearer boundaries along the principal components. 

 
 

 
 

  

 

Figure 2. Scatter Plot of  Variance; Spectral; MCFS; Autoencoder; Fisher; Information Theoretic; Baseline. 

Specifically, Spectral Analysis and Autoencoder-based extraction succeeded in capturing local manifold structures and 

non-linear relationships, respectively, although some overlap persisted between Cluster 0 and Cluster 2. In contrast, 
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Information Theoretic Approaches and MCFS provided the most distinct isolation of smaller clusters (Clusters 1 and 

2), confirming that strategic feature selection is essential for uncovering latent structures and improving the robustness 

of clustering outcomes in high-dimensional datasets. 

Table 4 presents the top five weighted financial attributes identified by each feature-selection-based weighting method, 

revealing substantial variation in how financial relevance is prioritized. Variance Threshold emphasized liability-

related variables, such as Payables and Interest Expense, indicating that firms are differentiated primarily through 

financing obligations and debt structures. Spectral Analysis (Laplacian Score) prioritized liquidity and investment-

related indicators, including Changes in Cash and Operating Cash Flow, suggesting that firms with similar cash 

dynamics and investment behavior tend to form structurally similar clusters. MCFS highlighted operational and 

profitability-related variables, such as Interest Paid CFO, Receivables Changes, and EBIT, reflecting multidimensional 

financial behavior, although its clustering performance remained comparatively weaker due to greater heterogeneity in 

selected attributes. 

Table 4. Top 5 Features 

Methods 1st Column 2nd Column 3rd Column 4th Column 5th Column 

VarianceThreshold 2020_Payables 

2023_Interest 

Expense Non 

Operating 

2022_Total Non 

Current Liabilities 

Net Minority 

Interest 

2022_Interest Expense 

Non Operating 
2022_Prepaid Assets 

SpectralAnalysis 2020_Changes In Cash 
2023_Operating 

Cash Flow 

2022_Net Business 

Purchase And Sale 

2022_Net Investment 

Purchase And Sale 

2022_Total Unusual Items 

Excluding Goodwill 

MCFS 2020_Interest Paid Cfo 
2020_Change In 

Receivables 

2022_Dividends 

Paid Direct 

2023_Taxes Refund Paid 

Direct 
2023_EBIT 

Autoencoder 
2023_Long Term Debt 

Payments 

2020_Other Cash 

Adjustment Inside 

Changein Cash 

2023_Derivative 

Product Liabilities 
2022_Goodwill 

2023_Investments In Other 

Ventures Under Equity 

Method 

FisherScore 
2023_Available For Sale 

Securities 

2020_Cash And 

Cash Equivalents 

2021_End Cash 

Position 

2021_Cash And Cash 

Equivalents 

2022_Beginning Cash 

Position 

InformationTheoreti

cApproaches 

2021_Net Non Operating 

Interest Income Expense 

2022_Normalized 

Income 

2023_Operating 

Income 

2023_Net Income 

Continuous Operations 

2023_Net Income 

Including Noncontrolling 

Interests 

In contrast, Autoencoder-based feature ranking prioritized complex indicators such as Long-Term Debt Payments, 

Derivative Product Liabilities, and Goodwill, indicating its ability to capture latent nonlinear relationships among 

solvency, investment, and financing behavior embedded in financial statements. Similarly, Fisher Score consistently 

emphasized liquidity-related variables, including Cash and Cash Equivalents and Available-for-Sale Securities, 

suggesting that liquidity management represents a strong discriminative dimension among IDX firms. This behavior 

helps explain why Fisher Score achieved superior clustering performance, as liquidity indicators exhibit strong 

between-group discrimination while remaining relatively stable within clusters. 

Meanwhile, Information-Theoretic Approaches focused on profitability-related variables such as Operating Income 

and Net Income, indicating that entropy-based weighting captures informational relevance in earnings behavior. 

However, maximizing information content alone did not necessarily translate into stronger cluster separability in high-

dimensional financial data. Although clustering quality was primarily evaluated using internal validation metrics due 

to the absence of ground-truth labels, practical interpretability was strengthened through examination of the highly 

weighted financial indicators. The selected attributes reflect meaningful financial dimensions, including liquidity, 

solvency, profitability, and investment behavior, supporting substantive interpretation of the resulting firm clusters 

beyond purely statistical evaluation. 

5. Conclusion 

This study investigated whether feature selection methods, when operationalized as attribute weighting schemes, can 

improve clustering performance in financial statement analysis. The findings indicate that feature-selection-based 

weighting substantially enhances clustering quality by prioritizing informative financial attributes while reducing the 

influence of noisy variables without eliminating the original feature space. Among the evaluated methods, Fisher Score 
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and Autoencoder-based feature ranking consistently achieved the strongest performance across clustering validity 

metrics, demonstrating robustness in handling high-dimensional financial data.  

From a practical perspective, the resulting clusters may support investment screening, financial risk profiling, peer 

benchmarking, and regulatory monitoring by identifying firms with similar liquidity, solvency, profitability, and 

operational characteristics. These findings are particularly relevant for heterogeneous financial environments such as 

the Indonesia Stock Exchange (IDX), where firms within the same sector may exhibit substantially different financial 

profiles. 

Several limitations should be acknowledged. The study focuses exclusively on IDX-listed firms during 2020–2023, 

limiting direct generalizability and introducing sensitivity to macroeconomic conditions, sectoral imbalance, 

preprocessing choices, and clustering algorithm assumptions. In addition, clustering evaluation relied primarily on 

internal validity metrics due to the absence of ground-truth labels, while statistical significance testing and 

computational efficiency analysis were beyond the scope of this study. Future research may strengthen robustness and 

practical applicability through cross-market datasets, external financial benchmarks, statistical validation, runtime 

comparisons, and hybrid approaches integrating feature weighting with selective dimensionality reduction. 
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