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Customer churn analysis plays a critical role in sustaining profitability in 

competitive retail environments. This study proposes an integrated data mining 

framework that combines clustering, classification, and association rule mining 

within an enhanced RFM-based model, referred to as RFFML, which extends the 

traditional Recency, Frequency, and Monetary indicators by incorporating 

Frequency Items and Length of Interaction variables. Using large-scale real 

transactional data from a retail store, customer segmentation is first performed 

through clustering to identify distinct behavioral profiles. Subsequently, several 

classification models are evaluated for churn prediction, with an ensemble-based 

Stacking classifier achieving the highest predictive performance. In parallel, 

association rule mining is employed to uncover frequent product combinations 

associated with loyal and churned customer segments. The main contribution of this 

work lies in the analytical integration of these complementary techniques within a 

single unified framework, enabling both accurate churn prediction and interpretable 

behavioral insights. Experimental results demonstrate that the proposed approach 

outperforms individual classifiers while providing actionable knowledge to support 

targeted retention strategies in the retail sector. 
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1. Introduction 

ustomer retention has become one of the most 

strategic priorities for organizations operating in 

highly competitive retail environments, where increasing 

market saturation, digital transformation, and changing 

consumer expectations continuously intensify competition 

among firms. Retail companies are increasingly shifting 

their focus from transactional sales toward long-term 

customer relationship management, recognizing that 

retaining existing customers is significantly more cost-

effective than acquiring new ones (Casteran et al., 2017; 

Hughes, 1994). In this context, customer churn, defined as 

the discontinuation or significant reduction of purchasing 

behavior by customers, represents a major threat to 

organizational profitability, sustainability, and market share. 

Churn not only leads to direct revenue loss but also increases 

marketing expenditures associated with customer 

acquisition and promotional campaigns (Lalwani et al., 

2022; Malhotra et al., 2025). Consequently, identifying 

customers at risk of churn and implementing preventive 

retention strategies have become critical managerial 

objectives across customer-oriented industries. 

The rapid growth of big data technologies and 

computational intelligence has enabled organizations to 

leverage transactional and behavioral data for predictive 

decision-making. Machine learning and data mining 

techniques have emerged as powerful analytical tools 

capable of identifying hidden behavioral patterns, predicting 

customer actions, and supporting strategic planning in retail 

environments (Mining, 2006; Pasquadibisceglie et al., 

2024). These technologies allow firms to move beyond 

traditional descriptive analysis toward predictive and 

prescriptive analytics capable of generating actionable 

insights for customer retention. Recent studies have 

demonstrated that predictive analytics systems can 

substantially improve the personalization of customer 

services, optimize promotional targeting, and increase 

customer loyalty through accurate prediction of behavioral 

tendencies (Bhargava et al., 2024; Vemulapalli, 2024). In 

modern retail ecosystems characterized by large-scale 

transactional data and dynamic purchasing behavior, the 

integration of machine learning into customer relationship 

management has therefore become both a technological 

necessity and a strategic advantage. 

Customer churn prediction has attracted significant 

scholarly attention during the past decade, particularly in 

industries such as telecommunications, banking, insurance, 

and e-commerce. Researchers have increasingly employed 

machine learning algorithms including Decision Trees, 

Logistic Regression, Support Vector Machines, Artificial 

Neural Networks, Random Forests, and ensemble learning 

approaches to improve churn prediction accuracy (Gaur & 

Dubey, 2018; Prabadevi et al., 2023). These models are 

capable of learning complex nonlinear relationships between 

customer attributes and churn behavior, thereby 

outperforming traditional statistical methods in many 

applications. For example, Lalwani et al. demonstrated the 

effectiveness of machine learning classification systems in 

predicting customer churn using transactional and 

behavioral variables (Lalwani et al., 2022). Similarly, 

Malhotra et al. emphasized the growing applicability of 

predictive machine learning frameworks for churn analysis 

in highly competitive service industries (Malhotra et al., 

2025). Ensemble-based approaches, particularly boosting 

and stacking methods, have also shown considerable 

promise in improving predictive robustness and reducing 

classification errors by combining the strengths of multiple 

classifiers (Khandelwal & Sakalle, 2025). 

Despite these advances, most existing churn prediction 

studies remain concentrated in sectors such as 

telecommunications and online services, while the retail 

sector has received comparatively less analytical attention 

(Matuszelanski & Kopczewska, 2022; Mendez, 2020). 

Retail environments present unique analytical challenges 

because customer behavior is highly dynamic, purchase 

frequency varies substantially among customers, and 

purchasing decisions are influenced by a broad range of 

behavioral, demographic, and situational factors. 

Furthermore, retail datasets are often characterized by high 

dimensionality, sparse transaction patterns, and large 

numbers of product combinations, making predictive 

analysis substantially more complex. Consequently, the 

direct transferability of churn models developed in 

telecommunications or banking to retail contexts remains 

limited. This gap highlights the need for specialized retail-

oriented frameworks capable of simultaneously analyzing 

customer purchasing intensity, loyalty patterns, and product 

associations. 

One of the foundational analytical approaches used in 

customer behavior analysis is the RFM model, originally 

proposed within database marketing literature (Hughes, 

1994). The RFM framework evaluates customer value and 

behavioral tendencies according to three dimensions: 

Recency of purchase, Frequency of transactions, and 

Monetary value of purchases. Customers with recent 

C 

https://journals.kmanpub.com/index.php/jppr/index
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purchases, frequent transactions, and high spending are 

generally considered more loyal and profitable, whereas 

customers exhibiting declining RFM values are viewed as 

potential churn candidates. Numerous studies have 

confirmed the predictive capability of RFM variables for 

customer segmentation, loyalty analysis, and churn 

prediction (Bagul et al., 2021; Rahim et al., 2021). Rahim et 

al. demonstrated that RFM indicators significantly improve 

the classification of customer groups and repurchase 

behavior in retail settings (Rahim et al., 2021). Similarly, 

Bagul et al. integrated RFM analysis with K-Means 

clustering to identify customer segments exhibiting different 

churn risks in retail environments (Bagul et al., 2021). 

Although these findings support the effectiveness of RFM-

based analysis, many existing studies employ the classical 

RFM framework without extending its variables or 

integrating it comprehensively with advanced machine 

learning techniques. 

In addition to RFM analysis, clustering methods have 

become increasingly important in customer behavior mining 

because they enable the identification of homogeneous 

customer segments based on purchasing characteristics and 

behavioral similarities. Clustering algorithms such as K-

Means provide unsupervised mechanisms for identifying 

latent structures within customer data, thereby supporting 

targeted marketing and personalized retention strategies 

(Abdi & Abolmakarem, 2019). Abdi and Abolmakarem 

proposed a hybrid customer behavior mining framework that 

combined clustering and classification techniques to 

improve churn prediction performance (Abdi & 

Abolmakarem, 2019). Their findings indicated that customer 

segmentation prior to classification substantially enhances 

the identification of high-risk customer groups. Similarly, 

Matuszelanski and Kopczewska employed spatial and 

machine learning approaches to investigate customer churn 

in retail e-commerce settings and demonstrated the 

importance of segmentation-based analysis in understanding 

purchasing behavior (Matuszelanski & Kopczewska, 2022). 

Nevertheless, most prior studies have used clustering merely 

as a preprocessing tool rather than integrating it strategically 

with classification and association rule mining within a 

unified analytical architecture. 

Classification models constitute another major 

component of churn prediction systems. Supervised machine 

learning algorithms aim to predict whether a customer 

belongs to a churn or non-churn category based on historical 

behavioral attributes. Numerous studies have compared the 

performance of different classifiers in churn analysis 

contexts (Gaur & Dubey, 2018; Prabadevi et al., 2023). Gaur 

and Dubey evaluated multiple machine learning methods for 

churn prediction in telecommunications and found that 

ensemble learning methods often outperform standalone 

algorithms in predictive accuracy (Gaur & Dubey, 2018). 

Similarly, Schaeffer and Sanchez highlighted the capability 

of machine learning models to forecast customer retention 

using transactional and behavioral data (Schaeffer & 

Sanchez, 2020). Recent developments in explainable 

artificial intelligence have further emphasized the need for 

interpretable prediction systems capable of balancing 

predictive power with managerial usability 

(Pasquadibisceglie et al., 2024; Valente et al., 2022). 

Pasquadibisceglie et al., for instance, introduced an 

explainable process prediction mining approach for 

customer churn prediction in evolving retail data 

environments, demonstrating that explainability 

significantly enhances managerial trust in machine learning 

outputs (Pasquadibisceglie et al., 2024). 

Another important but relatively underutilized analytical 

technique in churn analysis is association rule mining. 

Association rules identify frequent co-purchase relationships 

among products and reveal hidden patterns in customer 

shopping baskets. Such information is particularly valuable 

in retail environments because it supports cross-selling, 

personalized recommendation systems, promotional 

bundling, and customer engagement strategies. Although 

association rule mining has been widely applied in market 

basket analysis, its integration with churn prediction 

frameworks remains limited (Mining, 2006). Existing 

research often treats association rule analysis separately 

from classification and clustering processes, thereby missing 

opportunities to generate comprehensive behavioral 

insights. Integrating association rule mining with churn 

prediction could enable retailers not only to identify 

customers at risk of churn but also to determine the specific 

purchasing patterns associated with loyal or disengaged 

customers. 

Recent developments in artificial intelligence and deep 

learning have further expanded the analytical capabilities 

available for customer behavior prediction. Verma 

employed deep neural networks to predict future purchasing 

behavior in online retail contexts and demonstrated superior 

predictive performance compared with traditional 

regression-based methods (Verma, 2020). Similarly, Wu et 

al. emphasized the effectiveness of advanced feature 

learning approaches in improving predictive modeling 

accuracy in complex behavioral datasets (Wu et al., 2024). 

https://journals.kmanpub.com/index.php/jppr/index
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Chen et al. and Cheng et al. also highlighted the increasing 

applicability of hybrid and coupled machine learning models 

in analyzing complex multidimensional systems (Chen et al., 

2023; Cheng et al., 2023). These studies collectively suggest 

that hybrid analytical architectures combining multiple 

machine learning paradigms are more capable of capturing 

the multidimensional nature of customer behavior than 

isolated algorithms. 

The growing adoption of predictive analytics in customer 

relationship management has also intensified interest in 

personalization and customer-centric decision systems. 

Bhargava et al. demonstrated that predictive analytics 

substantially enhances service personalization and customer 

satisfaction in e-commerce systems (Bhargava et al., 2024). 

Similarly, Valente et al. argued that reliability, 

interpretability, and personalization are essential 

characteristics of effective machine learning decision-

support systems (Valente et al., 2022). In churn management 

contexts, personalized interventions based on behavioral 

segmentation and predictive analytics can significantly 

improve customer retention outcomes. Vemulapalli further 

emphasized that AI-driven predictive models can 

proactively identify customer dissatisfaction patterns and 

support strategic retention initiatives before customers 

disengage completely (Vemulapalli, 2024). These findings 

reinforce the strategic importance of integrating behavioral 

analytics, machine learning, and personalized marketing 

approaches within retail management systems. 

Despite the substantial growth of research in churn 

prediction and customer analytics, several important gaps 

remain evident in the literature. First, most studies focus on 

isolated analytical techniques, such as classification or 

clustering, rather than employing integrated frameworks that 

simultaneously combine clustering, classification, and 

association rule mining. Second, relatively few studies have 

concentrated specifically on large-scale retail transaction 

datasets despite the distinctive behavioral complexity of 

retail customers (Agbemadon et al., 2022; Mendez, 2020). 

Third, although the RFM model has been widely recognized 

as an effective behavioral framework, its variables are often 

used in their traditional form without extension or 

integration into comprehensive machine learning pipelines. 

Fourth, many studies prioritize predictive accuracy while 

neglecting behavioral interpretability and practical 

managerial applicability. Finally, the role of enhanced 

behavioral indicators and ensemble learning approaches in 

improving retail churn analysis remains insufficiently 

explored. 

To address these research gaps, the present study 

proposes an integrated analytical framework for customer 

churn analysis in retail environments by simultaneously 

combining clustering, classification, and association rule 

mining within an enhanced RFM-based model. The 

proposed framework extends the traditional RFM structure 

through the incorporation of additional behavioral indicators 

and utilizes ensemble learning techniques to improve 

predictive performance while maintaining interpretability 

and operational applicability. Using large-scale real 

transactional data from a retail store, this study aims to 

develop a comprehensive customer churn analysis system 

capable of generating both accurate churn predictions and 

actionable behavioral insights for strategic retail decision-

making.  

2. Methods and Materials 

This section outlines the research methodology 

framework for evaluating and predicting customer churn in 

the retail sector. The overall approach is based on the 

standard CRISP-DM framework, incorporating real 

transactional data, feature engineering, and the use of 

advanced machine learning techniques. The methodology is 

organized into three main stages: (1) data preparation and 

research design, (2) the proposed hybrid modeling approach 

integrating clustering, association rule mining, and 

classification, and (3) model validation and final evaluation. 

This study is an applied research project based on actual 

transaction data from a retail store. The overall approach is 

designed in accordance with the CRISP-DM framework, 

encompassing the stages of data understanding, business 

understanding, modeling, data preparation, evaluation, and 

deployment of results. 

Dataset: The dataset includes information such as 

purchase date and amount, sales transactions, purchase 

frequency, and other demographic and behavioral attributes 

of customers. RFM indicators are employed as the key 

features. The target variable is the customer churn status, 

labeled based on the absence of purchases within a specified 

time period. 

Data Preparation: This stage involves data cleaning 

(removing duplicate records and those with noisy or missing 

values), data normalization, feature selection and 

engineering, encoding of categorical variables, and class 

balancing using techniques such as SMOTE, to ensure the 

dataset is ready for modeling. 

https://journals.kmanpub.com/index.php/jppr/index
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The model proposed in this study combines three primary 

data mining techniques:   

1. Clustering:   

 - Applying the K-Means algorithm to segment customers 

based on RFM metrics and other attributes.   

 - Determining the optimal number of clusters using the 

Silhouette Score and Elbow Method factors.   

2. Classification:   

 - Implementing algorithms such as Random Forest, 

Decision Tree, Gradient Boosting, and Logistic Regression.   

 - Selecting the final model based on evaluation metrics 

and feature importance analysis.   

3. Association Rules:   

 - Association rule mining was conducted exclusively on 

the training dataset after the train–test split to prevent 

information leakage.  

- Identifying frequent purchasing patterns among churn 

and non-churn customers within the training data using the 

Apriori algorithm, without utilizing churn labels from the 

test set. 

 - Evaluating the extracted rules according to Confidence, 

Support, and Lift measures.   

No transaction records from the test dataset were used 

during the association rule extraction stage, ensuring 

unbiased pattern discovery and real‑world applicability of 

the results. Finally, the outcomes of these three modules are 

integrated to derive comprehensive behavioral patterns, 

enabling both causal analysis and churn prediction.   

The dataset was randomly divided into training (70%) 

and testing (30%) subsets. All classification models were 

trained exclusively on the training data, and hyperparameter 

tuning was performed using internal validation within the 

training subset. The Stacking ensemble was constructed by 

combining multiple base learners, including Decision Tree, 

KNN, SVM, AdaBoost, and Bagging, with a meta‑learner 

trained solely on the training data. 

The evaluation criteria applied in this study are as 

follows: 

 Classification: Accuracy, Precision, Recall, F1-

Score, ROC Curve, and AUC. 

 Clustering: Silhouette Coefficient and Davies–

Bouldin Index, accompanied by qualitative 

interpretation of each cluster. 

 Association Rules: Support, Confidence, and Lift. 

In this study, after individually assessing each method, 

the best-performing model or combination of models is 

selected based on separation capability, accuracy, 

interpretability, and operational value. The resulting model 

can assist store managers in accurately segmenting 

customers and, through targeted strategies, reducing churn 

rates. Figure 1 presents the overall methodology process, 

including data preparation, the integration of research design 

with the proposed modeling framework, and the subsequent 

stages of model examination and final evaluation. 

Figure 1 

Methodology Workflow for Customer Churn Analysis in Retail 

 

 

https://journals.kmanpub.com/index.php/jppr/index
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This evaluation protocol ensures reproducibility, prevents 

information leakage, and enables an unbiased assessment of 

model performance. 

3. Findings and Results 

In this section, the outputs generated by the proposed 

model are presented and analyzed according to the standard 

CRISP-DM process. The analyses were conducted using 

real-world transactional data from a retail store and were 

based on the developed RFFML indicators. The main 

objective was to transform raw transaction records into 

reliable analytical patterns for identifying non-churn and 

churn customers, recognizing high-value customers within 

each group, and extracting interpretable purchasing patterns 

that could support managerial decision-making. The stages 

of analysis included data preparation, RFFML feature 

construction, customer clustering, churn classification, 

algorithm comparison, and association rule mining. 

The dataset was obtained from the “Seraj Branch 1” retail 

store and included approximately 541,000 transaction 

records over the observation period. The dataset contained 

13 primary attributes related to purchasing behavior, 

including product barcode, season, month, day of the week, 

sales amount, customer identifier, number of days since the 

last purchase, number of items sold, and number of sales 

invoices. Among these attributes, five indicators formed the 

core of the proposed RFFML model: Recency (R), 

Frequency Transactions (F₁), Frequency Items (F₂), 

Monetary value (M), and Length of Interaction (L). The 

traditional RFM model was therefore extended by adding F₂, 

which captures the total volume of purchased items, and L, 

which represents the duration of the customer–store 

relationship. These additional indicators enabled the model 

to capture purchasing intensity and customer relationship 

stability more accurately than the classical RFM structure. 

Figure 2 

Conceptual framework of the RFFML model with the Length of Interaction (L) index 

 

RFFML

R

customer's last 
purchase

F

customer's 
number of 
transaction

F

number of items 
purchased

M

total amount 
paid for 

purchases

L

customer 
interaction 

period with the 
store

https://journals.kmanpub.com/index.php/jppr/index


 Ghasemi Zadeh et al.                                                                                            Journal of Resource Management and Decision Engineering 5:3 (2026) 1-21 

 

 7 

Table 1 

Structure of transactional data before preprocessing in customer churn analysis 

Store 
Name 

Item 
Name 

Product 
Barcode 

Customer 
ID 

Season Month Day of 
the 

Week 

Da
y 

Net 
Sales 

Amoun
t after 

Returns 

(Rials) 

Last 
Sales 

Date 

Numbe
r of 

Days 
Elapse

d Since 

Last 
Sale 

Total 
Numbe

r of 
Items 

Sold 

Numbe
r of 

Sales 
Invoice

s 

Seraj 
Branc

h 1 

Saie Low-
Absorptio

n Frying 

Oil 810g 

626029510170
5 

901022201
8 

Summe
r 

Augus
t 

Thursda
y 

20 613,04
0 

1401052
0 

- 1 1 

Seraj 

Branc
h 1 

Softlan 

Complete 
& Shiny 

Gold 

Machine 

Washing 

Powder 

500g Pack 
of 24 

626001050039

4 

901022201

8 

Summe

r 

Augus

t 

Thursda

y 

20 153,54

6 

1401052

0 

- 1 1 

Seraj 
Branc

h 1 

Pegah 
Domestic 

Butter 25g 

626070740058
7 

901022201
8 

Summe
r 

Augus
t 

Thursda
y 

20 59,037 1401052
0 

- 1 1 

Seraj 
Branc

h 1 

Schon 
Fruity 

Mix 
Shampoo 

400ml 

626048252637
3 

901022201
8 

Summe
r 

Augus
t 

Thursda
y 

20 436,05
5 

1401052
0 

- 1 1 

Seraj 
Branc

h 1 

Camelion 
AA 

Alkaline 
Batteries 

Pack of 2 

426003315103
2 

901022201
8 

Summe
r 

Augus
t 

Thursda
y 

20 90,826 1401052
0 

- 1 1 

Seraj 

Branc

h 1 

Signal 

Anti-

Cavity 
Toothpast

e 100 ml 

626052641817

6 

901022201

8 

Summe

r 

Augus

t 

Thursda

y 

20 234,86

2 

1401052

0 

- 1 1 

Seraj 
Branc

h 1 

Kalleh 
White UF 

Cheese 
400 g 

626016152922
0 

901022201
8 

Summe
r 

Augus
t 

Thursda
y 

20 288,00
0 

1401052
0 

- 1 1 

As shown in Table 1, the original transaction-level data 

contained repeated store-level information, customer 

identifiers, calendar attributes, sales amounts, product codes, 

and purchase-volume indicators. Attributes such as Store 

Name had identical values across all records and therefore 

did not provide analytical differentiation. In contrast, 

numerical and behavioral attributes were retained because 

they could be used for feature engineering and machine 

learning procedures. The presence of product-level and 

customer-level transaction records provided a suitable basis 

for identifying churn patterns, customer value segments, and 

frequent product combinations. 

Data preparation was carried out before model execution 

to transform raw transaction records into a customer-level 

analytical dataset. Records with unusable, incomplete, zero, 

or negative sales values were identified and either removed 

or corrected where appropriate. Key numerical variables, 

including Monetary value, were normalized to prevent scale 

differences from distorting the outputs of clustering and 

classification algorithms. Categorical variables such as 

Month and Day of the Week were converted into numerical 

representations to ensure compatibility with the selected 

algorithms. The Pivot tool in Tableau was used to restructure 

the dataset so that each final row represented one customer 

instead of one transaction. 

The RFFML indicators were calculated as follows: 

𝑅𝑖 = 𝑇reference −max⁡(𝑡𝑖𝑗) 

𝐹1𝑖 =∑𝐼(

𝑛𝑖

𝑗=1

transaction𝑖𝑗) 

https://journals.kmanpub.com/index.php/jppr/index
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𝐹2𝑖 =∑ items𝑖𝑗

𝑛𝑖

𝑗=1

 

𝑀𝑖 = ∑ net sales amount𝑖𝑗

𝑛𝑖

𝑗=1

 

𝐿𝑖 = max⁡(𝑡𝑖𝑗) − min⁡(𝑡𝑖𝑗) 

 

In these formulas, 𝑅𝑖represents the number of days since 

the last purchase of customer 𝑖, 𝐹1𝑖represents the total 

number of transactions, 𝐹2𝑖represents the total number of 

purchased items, 𝑀𝑖represents total monetary spending, and 

𝐿𝑖represents the length of interaction between the customer 

and the store. The churn label was defined using the 

following rule: 

Churn𝑖 = {
1, 𝑅𝑖 > 90
0, 𝑅𝑖 ≤ 90

 

 

Thus, customers with no purchase activity for more than 

90 consecutive days were labeled as churn customers, while 

all other customers were labeled as non-churn customers. 

The dataset was randomly divided into training and testing 

subsets using a 70/30 ratio. Feature standardization was 

performed before modeling to ensure that all input variables 

were placed on comparable scales. 

Figure 3 

Preparation and loading of transactional data for the RFFML model 

 

Figure 4 

Management and display of transactional variables in the preprocessing stage 

 

https://journals.kmanpub.com/index.php/jppr/index
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Figure 5 

Configuration of transactional variables to build each customer’s profile 

 

Figure 6 

Method for calculating customers’ most recent purchase for loyalty analysis and evaluation 

 

Figure 7 

Final structure of customer data based on RFFML model indicators 

 

https://journals.kmanpub.com/index.php/jppr/index
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Figure 8 

Data configuration and standardization before executing the RFFML model 

 

 

The modeling stage transformed the prepared customer-

level dataset into input structures suitable for machine 

learning and data mining. Three analytical procedures were 

implemented. First, K-Means clustering was used to 

segment customers according to RFFML indicators and 

identify behavioral groups. Second, classification algorithms 

were trained to predict customer churn at the individual 

level. Third, association rule mining was applied to detect 

frequent product combinations among selected customer 

groups. The K-Means clustering process included 

initialization of cluster centers, determination of the optimal 

number of clusters, and convergence assessment. 

The K-Means model was based on the minimization of 

the within-cluster sum of squares: 

𝑊𝐶𝑆𝑆 =∑ ∑ ∥

𝑥𝑖∈𝐶𝑘

𝐾

𝑘=1

𝑥𝑖 − 𝜇𝑘 ∥
2 

 

where 𝐶𝑘represents cluster 𝑘, 𝑥𝑖represents an individual 

customer observation, and 𝜇𝑘represents the centroid of 

cluster 𝑘. The optimal value of 𝐾was determined through the 

Elbow Method. The analysis of the intra-cluster sum of 

squares indicated that 𝐾 = 4provided the most appropriate 

balance between model simplicity and reduced intra-cluster 

error. 

Figure 9 

Customer segmentation based on RFFML model features 

 

https://journals.kmanpub.com/index.php/jppr/index
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Figure 10 

Analysis of feature importance in predicting customer churn 

 

Figure 11 

Identification of the optimal K value in the K-Means algorithm for store customers 

 

Table 2 

Segmentation of customers into behavioral clusters based on the RFFML model 

Feature Cluster 1 Cluster 2 

Last Transaction / Recency (R) 27.744 85.006 

Number of Records / Transactions (F₁) 82.996 15.343 

Number of Items (F₂) 133.986 23.234 

Sales Amount / Monetary Value (M) 43,299,717.192 6,196,814.110 

Length of Interaction (L) 117.383 29.950 

 

The clustering results revealed clear behavioral 

differences between customer groups. Cluster 1 showed a 

low Recency value, high transaction frequency, high item 

frequency, high monetary value, and long interaction length. 

This cluster therefore represented loyal and high-value 

customers with recent purchasing behavior and strong 

engagement with the store. Cluster 2 showed a considerably 

higher Recency value and much lower values for Frequency 
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Transactions, Frequency Items, Monetary value, and Length 

of Interaction. This cluster therefore represented customers 

with weaker engagement and higher churn risk. Beyond 

these numerical results, the full cluster interpretation 

indicated four behavioral groups: Cluster 1 consisted of loyal 

customers characterized by recent purchases, frequent 

transactions, and high spending; Cluster 2 represented 

churned customers with a long interval since the last 

purchase and low monetary and frequency values; Cluster 3 

represented potential customers who had recent purchases 

but moderate monetary value; and Cluster 4 represented low-

value customers who showed neither high loyalty nor 

frequent purchasing. This segmentation provided the basis 

for targeted marketing strategies and subsequent 

interpretation of classification and association-rule outputs. 

Figure 12 

Visualization of clusters in the RFFML model feature space 

 

 

After the clustering stage, classification models were 

applied to the labeled dataset. The input features included 𝑅, 

𝐹1, 𝐹2, 𝑀, and 𝐿, and the target variable was the binary churn 

label. The models tested were Decision Tree, K-Nearest 

Neighbor, Naïve Bayes, Artificial Neural Network, Logistic 

Regression, Support Vector Machine, Linear Discriminant 

Analysis, AdaBoost, Bagging, and Stacking. The 

performance of classification algorithms was evaluated 

using Accuracy, Precision, Recall, and F-Measure. These 

metrics were calculated as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝐹-𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

where 𝑇𝑃indicates true positives, 𝑇𝑁indicates true 

negatives, 𝐹𝑃indicates false positives, and 𝐹𝑁indicates false 

negatives. The confusion matrices and performance metrics 

for the three main ensemble models are presented in Table 

3. 

Table 3 

Confusion matrices and performance metrics of the main ensemble classifiers 

Algorithm Predicted Class True No Churn True Churn Accuracy Precision Recall F-Measure 

AdaBoost Predicted No Churn 137 21 84.12 81.87 87.65 84.66 

AdaBoost Predicted Churn 33 149 84.12 81.87 87.65 84.66 

Bagging Predicted No Churn 78 2 72.35 64.62 98.82 78.14 

Bagging Predicted Churn 92 168 72.35 64.62 98.82 78.14 

Stacking Predicted No Churn 141 17 86.47 84.07 90.00 86.93 

Stacking Predicted Churn 29 153 86.47 84.07 90.00 86.93 
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The AdaBoost model achieved an accuracy of 84.12%, 

precision of 81.87%, recall of 87.65%, and F-Measure of 

84.66%. The Bagging model produced the highest recall 

among the three ensemble models, with a recall value of 

98.82%; however, its overall accuracy was lower at 72.35%, 

indicating tha 

t it identified most churn customers but produced a larger 

number of incorrect classifications. The Stacking model 

achieved the strongest overall performance, with an 

accuracy of 86.47%, precision of 84.07%, recall of 90.00%, 

and F-Measure of 86.93%. These results show that the 

Stacking model provided the most balanced performance 

across all evaluation metrics and was therefore identified as 

the most effective classifier for churn prediction in this 

study. 

Table 4 

Comprehensive comparison and ranking of classification algorithms 

Classification Algorithm Precision Accuracy Recall F-Measure Mean Rank Final Rank 

Stacking 86.47 84.07 90.00 86.93 1.75 1 

Logistic Regression 85.88 79.90 95.88 87.17 2.75 2 

Naïve Bayes 85.59 83.06 89.41 86.12 3.25 3 

Support Vector Machine 84.71 82.07 88.82 85.31 4.25 4 

Decision Tree 83.24 83.43 82.94 83.19 5.75 5 

AdaBoost 84.12 81.87 87.65 84.66 5.75 6 

Bagging 72.35 64.62 98.82 78.14 6.25 7 

Neural Network 81.18 77.32 88.24 82.42 6.75 8 

Nearest Neighbor 66.76 61.83 87.65 72.51 8.50 9 

Linear Discriminant Analysis 58.53 57.92 62.35 60.06 10.00 10 

Table 4 summarizes the comparative performance of all 

classification algorithms. The Stacking model achieved the 

highest precision and accuracy and ranked first overall. 

Logistic Regression ranked second, largely due to its high 

recall and F-Measure, while Naïve Bayes ranked third 

because of its balanced predictive performance. Support 

Vector Machine ranked fourth, followed by Decision Tree 

and AdaBoost. Bagging ranked seventh despite its very high 

recall because its precision and accuracy were relatively low. 

Neural Network, Nearest Neighbor, and Linear Discriminant 

Analysis showed weaker performance compared with the 

other models. The results indicate that the Stacking 

algorithm is the most suitable model for developing a 

managerial decision-support system for retail churn 

prediction. 

Association rule mining was then applied to identify 

product combinations purchased concurrently by important 

customer segments. Classification and clustering outputs 

were integrated to identify target customers based on both 

value and churn status. Their transaction data were 

reformatted into binary purchase/non-purchase variables. To 

reduce dimensionality and remove rare products, only items 

appearing in at least 50% of the target group’s transactions 

were retained for the final analysis. The FP-Growth 

algorithm was executed in RapidMiner using Support = 0.5 

and Confidence = 0.5 as threshold values. 

The key association rule formulas were as follows: 

𝑆𝑢𝑝𝑝𝑜𝑟𝑡(𝐴 → 𝐵) =
𝐶𝑜𝑢𝑛𝑡(𝐴 ∪ 𝐵)

𝑁
 

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒(𝐴 → 𝐵) =
𝐶𝑜𝑢𝑛𝑡(𝐴 ∪ 𝐵)

𝐶𝑜𝑢𝑛𝑡(𝐴)
 

𝐿𝑖𝑓𝑡(𝐴 → 𝐵) =
𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒(𝐴 → 𝐵)

𝑆𝑢𝑝𝑝𝑜𝑟𝑡(𝐵)
 

 

where 𝐴represents the premise itemset, 𝐵represents the 

conclusion itemset, and 𝑁represents the total number of 

transactions. Support indicates how frequently an itemset 

occurs in the dataset, Confidence indicates the probability of 

purchasing 𝐵given that 𝐴was purchased, and Lift indicates 

the strength of association between 𝐴and 𝐵relative to 

random co-occurrence. 
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Figure 13 

Extraction of frequent purchase patterns for target customers using FP-Growth 

 

 

Table 5 

Frequent product bundles and co-purchase patterns in loyal customers’ shopping baskets 

Pattern Type Size Support Item 1 Item 2 Item 3 Item 4 

Quadruple bundle 4 0.121 2200170 2203314 2202312 2204359 

Quadruple bundle 4 0.127 2200170 2203314 2202312 2204364 

Triple co-purchase 3 0.139 2200170 2203314 2202312 - 

Triple co-purchase 3 0.121 2200170 2203314 2204359 - 

Triple co-purchase 3 0.128 2200170 2203314 2204364 - 

Triple co-purchase 3 0.121 2200170 2202312 2204359 - 

Triple co-purchase 3 0.127 2200170 2202312 2204364 - 

Triple co-purchase 3 0.122 2203314 2202312 2204359 - 

Triple co-purchase 3 0.128 2203314 2202312 2204364 - 

Product pair 2 0.117 2201035 6260055843036 - - 

Product pair 2 0.140 2200170 2203314 - - 

Product pair 2 0.139 2200170 2202312 - - 

Product pair 2 0.123 2200170 2204359 - - 

Product pair 2 0.128 2200170 2204364 - - 

Product pair 2 0.141 2203314 2202312 - - 

Product pair 2 0.125 2203314 2204359 - - 

Product pair 2 0.130 2203314 2204364 - - 

Product pair 2 0.124 2202312 2204359 - - 

Product pair 2 0.128 2202312 2204364 - - 

Table 5 shows that several product combinations 

appeared frequently in the shopping baskets of loyal 

customers. The strongest product-pair support was observed 

for the combination of 2203314 and 2202312, with support 

of 0.141, followed by 2200170 and 2203314 with support of 

0.140, and 2200170 and 2202312 with support of 0.139. The 

triple itemset containing 2200170, 2203314, and 2202312 

also showed relatively high support of 0.139. These patterns 

suggest that specific product combinations were repeatedly 

purchased together by loyal customers and could therefore 

be used in bundled promotions, personalized offers, and 

cross-selling strategies. 

Top-selling individual items in loyal customers’ shopping 

baskets were also identified. The highest-support individual 

product was 2201035, with support of 0.332, followed by 

6260055843036 with support of 0.295, 6261906101176 
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with support of 0.220, 2208121 with support of 0.194, 

2206861 with support of 0.192, and 6260010500394 with 

support of 0.190. Other frequent individual products 

included 6267604414693 (0.186), 164200275300044 

(0.176), 2201946 (0.176), 164200275300001 (0.174), 

6260043900017 (0.171), 6262916600741 (0.160), 2200134 

(0.156), 6260016342011 (0.153), 2200170 (0.152), 2200917 

(0.152), 2203314 (0.151), 6265499500040 (0.149), 

164200275300002 (0.149), 2201157 (0.149), 

6269523900059 (0.147), 2202312 (0.147), 6260459800079 

(0.146), 6261847502209 (0.142), 6261061100533 (0.142), 

6260053186241 (0.141), 2204359 (0.141), 6260176802929 

(0.141), 2201000 (0.138), 6263812801249 (0.138), 

164200203250232 (0.138), 2204364 (0.136), 

6260105005155 (0.131), 2201655 (0.129), 2200893 (0.129), 

6261985200050 (0.126), 6260161529275 (0.126), 

6260532822097 (0.125), 2201691 (0.125), 6262157900105 

(0.120), 6260667302532 (0.120), 6260053183974 (0.120), 

6260707400587 (0.119), 2201014 (0.119), 6263812801386 

(0.119), 6260667302525 (0.117), 6260053183998 (0.117), 

2201015 (0.117), 6268187102113 (0.116), 6265547620287 

(0.115), 2201016 (0.115), and 2201658 (0.115). These 

individual product supports indicate which items were most 

central in the consumption patterns of loyal customers. 

Figure 14 

Visualization of product 2200351 linkages within shopping baskets 

 

Table 6 

Association rules for selected products and high-value churn-risk customers 

Segment / Product Focus Premise Conclusion Support Confidence 

Product 2200170 2203314, 2202312 2200170, 2204364 0.13 0.91 

Product 2200170 2203314 2200170, 2202312 0.14 0.92 

Product 2200170 2203314 2200170 0.14 0.93 

Product 2200170 2204364 2200170, 2202312 0.13 0.94 

Product 2200170 2204364 2200170, 2203314, 2202312 0.13 0.94 

Product 2200170 2204364 2200170 0.13 0.94 

Product 2200170 2204364 2200170, 2203314 0.13 0.94 

Product 2200170 2202312 2200170, 2203314 0.14 0.94 

Product 2200170 2202312 2200170 0.14 0.95 

Product 2200170 2203314, 2204359 2200170, 2202312 0.12 0.97 

Product 2200170 2203314, 2204359 2200170 0.12 0.97 

Product 2200170 2202312, 2204359 2200170, 2203314 0.12 0.98 

Product 2200170 2202312, 2204359 2200170 0.12 0.98 
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Product 2200170 2203314, 2204364 2200170, 2202312 0.13 0.98 

Product 2200170 2203314, 2202312, 2204359 2200170 0.12 0.99 

Product 2200170 2203314, 2204364 2200170 0.13 0.99 

Product 2200170 2203314, 2202312 2200170 0.14 0.99 

Product 2200170 2202312, 2204364 2200170 0.13 1.00 

Product 2200170 2202312, 2204364 2200170, 2203314 0.13 1.00 

Product 2200170 2203314, 2202312, 2204364 2200170 0.13 1.00 

High-value churn-risk customers 6261906101176 2201035 - 0.204 

High-value churn-risk customers 164200275300001 2201946 - 0.268 

High-value churn-risk customers 6261906101176 164200275300001 - 0.328 

High-value churn-risk customers 2201946 164200275300001 - 0.338 

High-value churn-risk customers 164200275300001 6261906101176 - 0.402 

High-value churn-risk customers 2201035 6261906101176 - 0.436 

High-value churn-risk customers 2201611 2200348 - 0.562 

High-value churn-risk customers 2200348 2201611 - 0.577 

High-value churn-risk customers 2200351 2201618 - 0.584 

High-value churn-risk customers 2200351 2201611 - 0.584 

High-value churn-risk customers 2201618 2200351 - 0.616 

High-value churn-risk customers 2201611 2200351 - 0.616 

High-value churn-risk customers 2200351 2200348 - 0.623 

High-value churn-risk customers 2201618 2201611 - 0.630 

High-value churn-risk customers 2201611 2201618 - 0.630 

High-value churn-risk customers 2200348 2200351 - 0.676 

 

The association rules in Table 6 show that product 

2200170 had strong co-purchase relationships with several 

other frequently purchased products. The highest confidence 

values were observed in the rules “2202312, 2204364 → 

2200170” and “2203314, 2202312, 2204364 → 2200170,” 

both with confidence values of 1.00. Other strong rules 

included “2203314, 2202312 → 2200170” with confidence 

of 0.99, “2203314, 2204364 → 2200170” with confidence 

of 0.99, and “2202312, 2204359 → 2200170” with 

confidence of 0.98. These results indicate that certain 

products have a highly stable co-occurrence structure in 

loyal customers’ shopping baskets. 

For high-value customers at risk of churn, the strongest 

rule was “2200348 → 2200351,” with confidence of 0.676. 

Other notable rules included “2201618 → 2201611” and 

“2201611 → 2201618,” both with confidence of 0.630, 

“2200351 → 2200348” with confidence of 0.623, and 

“2201618 → 2200351” and “2201611 → 2200351,” both 

with confidence of 0.616. These results show that high-value 

churn-risk customers continue to show identifiable and 

repeated product-purchasing patterns. Although product 

identifiers were anonymized as numeric codes, category-

level inspection indicated that many frequent itemsets 

corresponded to essential and high-turnover product groups 

such as staple food items, dairy products, and frequently 

replenished household goods. Therefore, churn in this 

context does not necessarily indicate disengagement from 

core consumption needs, but rather reduced interaction 

frequency, possible switching behavior, or external 

competitive effects. 

Overall, the results show that the proposed RFFML-based 

framework successfully combined customer segmentation, 

churn classification, and association rule mining. The 

clustering stage identified behaviorally meaningful customer 

groups, the classification stage showed that the Stacking 

model provided the strongest predictive performance, and 

the association rule mining stage revealed actionable 

product-bundle patterns among loyal and churn-risk 

customers. These findings indicate that the integrated 

framework can be used as a practical decision-support 

system for identifying valuable churn-risk customers, 

designing personalized retention campaigns, creating 

targeted bundles, and improving customer loyalty in retail 

stores. 

4. Discussion and Conclusion 

The findings of the present study demonstrated that 

sustainable performance management in the Iranian 

petrochemical industry under sanction conditions is a 

multidimensional and context-dependent construct that 

requires simultaneous attention to environmental, economic, 

governance, social, innovation, and supply chain 

dimensions. The results obtained from the systematic 

literature review and fuzzy Delphi analysis indicated that 

environmental indicators, particularly reduction of 

greenhouse gas emissions, energy consumption 
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optimization, water recycling, and pollution control, 

achieved the highest levels of expert consensus. These 

findings confirm that environmental sustainability is no 

longer a peripheral concern in petrochemical industries, but 

rather a strategic operational priority directly associated with 

efficiency, cost reduction, legitimacy, and long-term 

resilience. The high prioritization of environmental 

indicators can be explained by the energy-intensive and 

emission-intensive nature of petrochemical production 

processes, where resource inefficiency directly increases 

operational costs and environmental risks. These findings 

are aligned with studies emphasizing the importance of 

integrating environmental sustainability into performance 

evaluation systems and industrial strategy (Eccles & 

Klimenko, 2019; Kuhnen & Hahn, 2019; Lu et al., 2018). 

The findings are also consistent with evidence suggesting 

that sustainable business performance in petroleum 

industries depends heavily on environmental management 

capability and resource optimization (Hadi & Baskaran, 

2021). 

The strong emphasis placed by experts on energy 

optimization and eco-efficiency also reflects the economic 

realities of petrochemical industries operating under 

sanctions. The findings demonstrated that energy auditing, 

thermal and electrical integration, reduction of flaring and 

leakage, heat recovery, and reduction of energy intensity 

were among the most highly prioritized indicators within the 

innovative and economical production methods category. 

This result is understandable because sanctions increase 

production costs, limit access to advanced technologies, and 

intensify the need for internal efficiency improvement. 

Under such conditions, companies are forced to maximize 

output using existing infrastructure and limited resources. 

These findings support prior research indicating that eco-

efficiency and green lean practices can simultaneously 

improve environmental and economic performance by 

reducing waste, enhancing process efficiency, and 

optimizing resource utilization (Santoso & Kasih, 2024). 

The results also align with sustainability-oriented 

performance frameworks emphasizing that operational 

efficiency and sustainability should be integrated rather than 

treated as competing objectives (Abbas, 2020). Therefore, 

environmental sustainability in the Iranian petrochemical 

industry appears to function not only as an ecological 

requirement but also as a mechanism for economic survival 

and operational continuity. 

Another important finding of the study was the high 

importance attributed to digitalization, Industry 4.0 

technologies, and intelligent maintenance systems. 

Indicators related to industrial internet of things, advanced 

process control, predictive maintenance, digital twins, and 

integrated production-management systems achieved high 

defuzzification scores in the fuzzy Delphi stage. This finding 

indicates that experts perceive digital transformation as one 

of the principal pathways toward sustainable and 

competitive petrochemical production under uncertain 

conditions. The increasing complexity of petrochemical 

operations requires organizations to improve monitoring 

capability, predictive decision-making, operational 

visibility, and process integration. Previous studies have 

similarly emphasized the transformative role of Industry 4.0 

technologies in manufacturing efficiency, operational 

flexibility, and sustainability performance (Xu et al., 2018). 

Furthermore, managerial lessons associated with Industry 

4.0 implementation demonstrate that organizational 

readiness, leadership support, infrastructure capability, and 

strategic integration are essential for successful digital 

transformation (Sony & Naik, 2019). The present findings 

also correspond with recent research suggesting that 

artificial intelligence and smart manufacturing systems can 

substantially improve sustainability performance through 

predictive analytics, adaptive optimization, and intelligent 

resource management (Youssef et al., 2025). In the Iranian 

petrochemical industry, where sanctions restrict access to 

imported technologies and increase maintenance difficulties, 

predictive maintenance and digital process monitoring can 

reduce downtime, improve operational readiness, and 

enhance production resilience. 

The findings also revealed that process intensification and 

technological innovation were among the most significant 

dimensions of innovative and economical production 

methods. Experts emphasized the importance of compact 

process technologies, advanced distillation systems, 

modular design, process integration, and domestic 

technological alternatives. This result can be interpreted 

within the broader context of sustainability transitions and 

industrial adaptation. Petrochemical firms operating under 

sanctions cannot depend indefinitely on imported 

technologies, catalysts, and engineering services. 

Consequently, process redesign and localized technological 

innovation become essential for maintaining production 

continuity and improving competitiveness. These findings 

are consistent with studies highlighting the importance of 

technological innovation capability in organizational 

performance and sustainability development (Kim & Jun, 

2022). They also correspond with research on sustainability 
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transitions in petroleum-related industries, which indicates 

that industrial adaptation requires diversification of 

technological capability and restructuring of innovation 

systems (Andersen & Gulbrandsen, 2020). In addition, 

studies on sanctions and green innovation suggest that 

external restrictions may simultaneously constrain 

technology access and stimulate domestic innovation 

capacity (Fu et al., 2023). The findings of the present study 

strongly support this dual perspective because experts 

identified localization, substitution of sanctioned materials, 

and domestically compatible process alternatives as critical 

indicators for sustainable petrochemical performance. 

Supply chain resilience emerged as another highly 

important dimension in the study. Indicators such as multi-

sourcing, domestic supplier development, safety inventory, 

geopolitical risk management, and business continuity 

planning received substantial expert agreement. These 

findings reflect the severe vulnerability of petrochemical 

supply chains under sanction conditions, where disruptions 

in procurement channels, logistics systems, or supplier 

relationships can directly threaten production continuity. 

The results are consistent with resilience-based supply chain 

theories emphasizing flexibility, redundancy, adaptability, 

and risk management as critical components of resilient 

industrial systems (Ali et al., 2017). The findings also align 

with simulation-based analyses showing that external 

disruptions can propagate rapidly across interconnected 

supply networks and create cascading operational impacts 

(Ivanov, 2020). In the context of the Iranian petrochemical 

industry, sanctions create long-term structural uncertainty 

rather than temporary operational interruptions; therefore, 

resilience becomes a permanent strategic requirement rather 

than a short-term emergency response. The importance 

attributed to domestic supplier development and localization 

further demonstrates that experts consider local industrial 

ecosystems essential for sustainable petrochemical 

operations under restricted international conditions. These 

findings also correspond with studies emphasizing 

sustainable supply chain development and prioritization of 

resilience-related parameters in industrial systems (Shirazi 

et al., 2024). 

The findings additionally showed that governance-related 

indicators, including transparency, legal compliance, anti-

corruption measures, board independence, and cybersecurity 

management, were highly valued by experts. This result 

indicates that sustainable performance management in 

petrochemical industries cannot be achieved solely through 

technological and operational improvements. Governance 

quality influences organizational accountability, strategic 

consistency, stakeholder trust, and risk management 

capability. Particularly in sanction environments 

characterized by financial complexity, operational 

uncertainty, and geopolitical risk, governance mechanisms 

become critical for maintaining organizational stability and 

institutional legitimacy. These findings support prior studies 

emphasizing the importance of climate-related disclosure, 

governance readiness, and accountability systems in 

sustainability-oriented corporate management (Eccles & 

Klimenko, 2019). They also align with sustainability 

performance measurement research indicating that 

governance indicators are necessary components of 

comprehensive sustainability evaluation systems (Kuhnen & 

Hahn, 2019). Furthermore, the prioritization of industrial 

cybersecurity reflects the growing digital dependence of 

petrochemical systems and the increasing exposure of 

industrial control systems to cyber threats, particularly in 

politically sensitive and sanction-affected industries. 

In the social dimension, occupational health and safety, 

employee empowerment, training, and workforce 

participation received relatively high scores, while broader 

diversity and inclusion indicators achieved comparatively 

lower priorities. This finding suggests that experts 

distinguish between operationally critical social indicators 

and longer-term institutional or cultural dimensions. 

Occupational safety is particularly important in 

petrochemical industries due to the hazardous nature of 

operations, exposure to chemicals, explosion risk, and 

process safety concerns. Therefore, experts appear to 

perceive workforce safety and technical capability as 

directly linked to operational sustainability and productivity. 

These findings are compatible with studies indicating that 

human capital and organizational culture significantly 

influence sustainability performance and operational 

effectiveness (Santoso & Kasih, 2024). However, the lower 

prioritization of diversity and inclusion may reflect the 

immediate pressures of sanction conditions, where 

organizations prioritize operational continuity and resource 

management over broader social transformation objectives. 

Although diversity and inclusion remain important 

sustainability dimensions in international frameworks, their 

perceived urgency may decline in contexts characterized by 

economic restriction and industrial uncertainty. 

The results also demonstrated that sustainable innovation 

and stakeholder accountability were recognized as 

complementary yet essential dimensions of the proposed 

framework. Indicators related to green research and 
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development, circular economy practices, sustainability 

reporting, stakeholder mapping, and responsiveness to 

complaints achieved acceptable consensus levels among 

experts. These findings reinforce the idea that sustainable 

petrochemical performance requires continuous innovation 

and active stakeholder engagement rather than isolated 

operational interventions. Integrated thinking approaches 

similarly emphasize that sustainability should be embedded 

across organizational strategy, reporting systems, and value 

creation processes (Adams, 2017). Furthermore, the growing 

importance of investor-oriented sustainability expectations 

and environmental accountability suggests that firms 

increasingly need credible sustainability indicators to 

maintain legitimacy and strategic adaptability (Eccles & 

Krzus, 2019). In the Iranian petrochemical context, 

stakeholder accountability may also strengthen social trust, 

institutional credibility, and long-term competitiveness 

despite external restrictions. 

Overall, the findings of the present study indicate that 

sustainable performance management in the Iranian 

petrochemical industry under sanctions is fundamentally 

shaped by the interaction between sustainability imperatives, 

technological adaptation, economic constraints, and 

resilience requirements. Unlike generic sustainability 

models developed for stable and highly globalized industrial 

contexts, the proposed framework reflects the operational 

realities of a sanction-affected industrial environment. The 

identified indicators combine global sustainability principles 

with localized priorities such as sanction resilience, domestic 

supplier development, process intensification, substitution 

of restricted materials, and operational flexibility. Therefore, 

the study contributes theoretically by contextualizing 

sustainable performance management within constrained 

industrial systems and contributes practically by providing a 

localized framework for petrochemical decision-makers. 

The findings also demonstrate that sustainable performance 

and innovative production methods are mutually reinforcing 

dimensions rather than separate managerial domains. 

Companies that improve energy efficiency, digital 

capability, process integration, innovation systems, and 

supply chain resilience are simultaneously strengthening 

sustainability performance, operational continuity, and long-

term competitiveness. 

One limitation of the present study is that the fuzzy 

Delphi panel was limited to 18 experts from the 

petrochemical industry and academia, which may restrict the 

generalizability of the findings to all segments of the energy 

and process industries. In addition, the study adopted a 

qualitative-exploratory design and did not empirically test 

the causal relationships among the identified indicators. 

Another limitation is that the prioritization of indicators may 

change over time depending on geopolitical developments, 

technological evolution, regulatory changes, and the 

intensity of international sanctions. Furthermore, because 

the study focused specifically on the Iranian petrochemical 

industry, the identified dimensions and priorities may not 

fully apply to industries with different technological 

structures or institutional environments. 

Future research can expand the proposed framework 

through quantitative validation methods such as structural 

equation modeling, interpretive structural modeling, 

DEMATEL, or system dynamics approaches. Researchers 

may also investigate the causal interactions among 

sustainability dimensions, digitalization capability, supply 

chain resilience, and innovation performance. Comparative 

studies between sanction-affected and non-sanctioned 

petrochemical industries could provide additional insights 

into the contextual nature of sustainable performance 

management. Future studies may further explore the role of 

artificial intelligence, smart manufacturing systems, circular 

economy models, and climate-related governance in 

transforming petrochemical sustainability practices. 

Longitudinal studies are also recommended to examine how 

sustainability priorities evolve over time under changing 

technological and geopolitical conditions. 

From a practical perspective, petrochemical managers 

and policymakers should prioritize the integration of 

sustainability indicators into operational and strategic 

decision-making systems. Companies should invest in 

energy optimization, predictive maintenance, digital 

infrastructure, and process intensification to improve 

operational efficiency and resilience. Policymakers should 

support domestic supplier development, technology 

localization, and industrial innovation ecosystems to reduce 

dependence on restricted foreign technologies. 

Petrochemical firms should also strengthen governance 

systems, transparency mechanisms, industrial cybersecurity, 

and sustainability reporting practices in order to improve 

institutional trust and long-term competitiveness. 

Furthermore, organizations should establish integrated 

sustainability management systems that combine 

environmental responsibility, operational efficiency, 

innovation capability, and supply chain resilience within a 

unified strategic framework. 
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