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 چکیده
  ی موثر برا  یها یبه استراتژ  ازیصنعت ارتباطات از راه دور است که ن   یچالش مهم برا   ک ی   ان یمشتر  زشیر

بر عامل    یمبتن   یسازاز جمله مدل  یمختلف  یهاروش  یقبل   قات ی که تحق   ی دارد. در حال  ی ریشگی و پ  ین یبشیپ

(ABM را بررس )ی به شدت بر ساختارها   د موجو  ی کردهایهمچنان وجود دارد. رو  هاتی اند، محدودکرده  ی  

مطالعه به    ن ی. اشودیها م شده و استفاده محدود از داده ی سازساده  یها هستند که منجر به مدل  ی متک  ینظر

را با    یمشتر  یچارچوب جامع داده محور که داده ها   کی پردازد: عدم وجود    ی مهم م  ی قاتیشکاف تحق   کی

پر    یکند. برا یم کپارچهی  یمخابرات یدر بازارها  زشیر  ینیب  شی پ یبرا یو تعاملات اجتماع   یفرد  ماتیتصم

  ی شود. داده ها برا  یم   جادیا  یمدل مفهوم   کیشکاف، پس از مطالعه کسب و کار و مجموعه داده،    نیکردن ا

پ   یارهایبرآوردن مع از  براML)  نیماش   یریادگیشوند.    یپردازش م  شیمدل    ی ها   یژگ یو  یاب یبرون    ی( 

  ی شده است. طبقه بند  یساز  ادهی پ ABM کی شود. مدل در   یاستفاده م   ونی گرسگمشده با استفاده از مدل ر

ML  شود.    یعوامل استفاده م  زشیرفتار ر  نییتع  یبراABM  ی غن  یاب یو برون    یواقع  یحاصل با داده ها  
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نشان داده است    ی طیخود را در شرا   ی ها  یی توانا  ن یکرده است. همچن  نیی تع  ی را به درست   زش یمختلف رفتار ر

کردن پاسخ است.    رمولهکند و مدل آن ف   یسهم بازار خود حرکت م   شی افزا  ی برا  یبه طور تهاجم   بیرق  کیکه  
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A data-driven Agent-based model and 

framework for Churn prediction in 

Telecommunication Industry 

 

Abstract  

Customer churn presents a significant challenge for the telecommunications 

industry, necessitating effective strategies for prediction and prevention. 

While prior research has explored diverse methodologies, including Agent-

based Modeling (ABM), limitations persist. Existing approaches rely heavily 

on theoretical constructs, resulting in oversimplified models and constrained 

data utilization. This study addresses a critical research gap: the absence of a 

comprehensive, data-driven framework that integrates customer’s data with 

individual decisions and social interactions to predict churn in 

telecommunication markets. To fill this gap, after a study of the business and 

the dataset, a conceptual model is established. Data is preprocessed to meet 

model criteria. Machine Learning (ML) is used for extrapolating missing 

features using a regression model. The model is implemented into an ABM. 

ML classification is used to determine agents’ churn behavior. The resulting 

ABM enriched with real and extrapolated data and used in simulations. The 

validated model is paired with an optimizer for more advanced usage , and the 

whole process is shaped into a unified framework. This framework has been 

shown to have correctly determined churn behavior in different scenarios. It 

has also demonstrated its capabilities in a situation where a competitor 

aggressively moves to increase its market share, and the model is to formulate 

a response. The proposed response resulted not only in regaining the lost 3% 

market share but also gained an additional 8.6% in market share without 

damaging the company’s bottom line. This research contributes to advancing 

the understanding and management of customer churn in the 

telecommunications industry. 

 

Keywords: Agent-based-modeling, machine-learning, churn-prediction, data 

driven models, marketing  
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1- Introduction 

Customer churn is a phenomenon where customers stop doing business with 

a company, which can have a significant impact on the company's bottom line. 

Customer churn analysis is a complex system with factors like price, network 

performance, and customers’ threshold of tolerance for performance 

degradation influencing balancing market share with profitability [1]. The 

literature has demonstrated that customer churn study is financially beneficial 

for companies due to several reasons. For one, acquiring new customers costs 

five times more than retaining existing ones[2]. For the other, losing 

customers can result in opportunity costs from decreased sales. Therefore, 

customer retention has recently received significant attention in the research 

literature. 

Agent-based modeling (ABM) can optimize complex systems, providing 

insights into customer satisfaction and system performance, allowing 

companies to simulate different scenarios and interventions to identify the 

most effective strategies for churn reduction. ABM is useful for churn analysis 

because consumers in a market interact, through processes such as imitation 

and conditioning, with individuals and groups of individuals or friends, 

family, etc. In addition to these interactions, the brands' advertising campaigns 

influence the consumers' choices. The consumers’ purchasing or adoption 

decisions reciprocally influence in the brands’ marketing policy. To study 

consumers’ behaviors, interactions between the different actors (consumers 

and brands) of a given market should be analyzed, too. 

However, traditional ABMs often rely on theoretical knowledge and idealized 

assumptions, introducing limitations in establishing a one-to-one 

correspondence between the model and reality, thereby limiting predictive 

capabilities [3–6]. In these models, agent behaviors are derived from a series 

of rules, and attribute values are initialized arbitrarily using measures such as 

percentages or probability distributions. These practices introduce challenges 

in establishing a one-to-one correspondence between the model and reality, 

limiting predictive capabilities due to the lack of empirical grounding. It also 

often struggles to represent the complex decision-making processes of 

individual agents, which can be influenced by various factors such as the 

environment, imperfect knowledge, and social factors [7]. 



 1403 تابستان، 2، شماره  9ـــــــــ دوره ـــ ــ ـگیری  ـــــــــــــــهای نوین در تصمیم پژوهش              `

167 

To bridge this gap and enhance the effectiveness of ABM in churn prevention, 

this paper introduces a new data driven ABM in which agents no longer rely 

on theory for decision-making.  

In this study first, a review of the existing literature on using data in agent-

based modeling was conducted. A framework was then proposed to design a 

data-driven ABM for use in simulations for churn analysis, addressing the 

research gap. Finally, the proposed framework was tested using benchmark 

data from IBM to validate its applicability. 

 

2- Literature Review 

The paper's proposal encompasses various subjects, including agent-based 

modeling, machine learning and churn prediction techniques. For each topic, 

different approaches are compared, and their benefits and drawbacks for the 

proposed approach are highlighted.  

2-1- Agent based modeling 

Agent-based simulation, a third-generation model introduced in the early 

2000s, is closely associated with disciplines such as complexity science, 

systems science, system dynamics, computer science, and management 

science. This form of simulation builds upon the foundations laid by previous 

methods like discrete event simulation and system dynamics, offering new 

capabilities for modeling and understanding complex systems[8].  

One of the techniques used by researchers and industry practitioners to 

understand customer behavior in the marketplace is ABMS, which allows 

models to become more realistic by incorporating additional characteristics of 

real systems. This makes ABMS a suitable technique for modeling complex 

and dynamic environments, such as business environments and marketing 

strategies. Traditional agent-based models in research often rely on simple 

rules based on theories, hypotheses, and assumptions. However, this approach 

has limitations when it comes to modeling real-world systems, as it neglects 

data that is incompatible with the theory. This happens more often than not in 

real-world complex systems. In recent years, access to detailed data on almost 

every subject has been facilitated because of more sophisticated sensors and 

today’s computers’ ability to process big data. Also, with more and more 

companies understanding the importance of big data, high-quality curated 

datasets are available on many subjects. This has led researchers to use these 
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datasets to create more realistic agent-based models and shift from theory-

based approaches toward data-driven ones. 

2-2- Data driven agent-based models 

Many of such data-driven agent-based models were also reviewed in this 

research. The objective was to identify methodologies and techniques that can 

be used to develop a data-driven ABM for churn behavior analysis. 

Kennedy et al. [9] developed AIMSS, a simulation assistance system that 

combines data-driven agent-based modeling with classical ABM. Real-world 

data is collected simultaneously with model development and compared to 

simulation output. If there is a deviation, the simulation model and parameters 

are adjusted to fit real-world data. Hassan et al. [10] have developed an 

approach incorporating data from surveys, panels, interviews, and official 

documents. The data sources are primarily qualitative and can affect both the 

design and simulation phases of the model. The main focus of the data in the 

model is the agent population and their expected behaviors. The impact of data 

in this approach is both on changing initial values and modifying the model 

structure. 

Ge et al. [11] developed Virtual City, an agent-based simulation platform to 

study urban populations, using statistical and geographic data to drive 

different model components. The population data is used for agents, while 

geographic data is used to create the environment. This approach generates 

essantial characteristics of the population, including the exact number of 

individuals, from high-level statistical data. The population generated in this 

technique has the same statistical attributes (such as age and gender 

distribution) as the high-level data. The approach only uses quantitative 

statistical data and lacks realistic agent behaviors, as acknowledged by the 

authors. 

In a study by Sajad et al. [12], Agents' attributes are initialized using census 

data, but unlike other approaches, data is not used in the model’s design. The 

model is developed as a classical rule-based ABM, where the changes in agent 

properties over time are monitored and compared to the corresponding census 

data. Data is only utilized during simulation and for validation purposes.   

The study by Hayashi et al.[13] aimed to propose a method for improving the 

accuracy of agent-based simulation results using quantitative data. The 

authors successfully showed how using data helps parameter determination in 
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the modeling process of agent-based simulation. By changing the parameters 

of the simulation based on the information obtained from the data, the 

accuracy of the simulation was improved. In this study data was indirectly 

used for model structure definition. Table 1 presents a summary of the use of 

data in ABM in the reviewed articles. 

Table 1. Literature of using data in ABM 

Study Data utilization Limitation 

[14] 
adjust the model and validate the 

parameters 

Agents’ behaviours and attribute values 

are not derived from the data 

[10] 
modify agent behaviors and 

structure 

Population characteristics and Agents’ 

attribute values are not derived from the 

data 

[15] 
generate population characteristics 

and create the environment 

Agents’ behaviour is not derived from the 

data 

[12] 

initialize agent attributes and 

validate the model during 

simulation 

Agents’ behaviour is not derived from the 

data 

[13] 
improve parameter determination 

and enhance simulation accuracy 

Population characteristics and Agents’ 

behaviour are not derived from the data 

[16] 

generate rules for determining 

customer behavior 

 

Population characteristics are not derived 

from the data 

 

The table provides an overview of how each study incorporates data into their 

agent-based models. Data usage varies across the studies, including data-

driven validation, modification of agent behaviors and structure, population 

generation, initialization and validation of agent attributes, and parameter 

determination for improved accuracy.  

Literature review shows gap in studies that use data for both the simulation 

environment initialization and the generation of agents’ behavior. By 

leveraging machine learning techniques and incorporating data-driven 

approaches, our framework can handle the complexity of churn behavior 

analysis.  

2-3- Machine Learning for Churn prediction 

Several investigations in customer research have indicated that customer 

satisfaction is a powerful indicator of customer retention [17]. Awareness of 

customer perceptions and the quality of the outcomes they desire in receiving 

services is among the important priorities of all organizations to create 



 ــــــــــهمکاران ـــــ و محمدجواد جعفری                    ... .بر مبتنی محورداده یارائه چارچوبـــــ  ــــــــ

170 

satisfaction for them, as evidenced by a study conducted by Zarei[18]. 

Numerous studies have been conducted to forecast customer churn in the 

telecommunications industry, specifically using the IBM dataset. These 

researchers use machine learning techniques for accurate churn prediction 

[19–22].  

Furthermore, the increasing quality of data (more data in finer levels of 

granularity), both at individual and macro levels, has made machine learning 

an increasingly suitable tool for improving ABM in churn analysis. 

Dehkordi et al.[23] explored how machine learning (ML) techniques address 

challenges in agent-based modeling and simulation (ABMS). Common 

challenges involve improving behavioral modeling accuracy, data pre-

processing, and computational efficiency. As a result, in the proposed 

framework, ML techniques are used to fulfill these challenges. 

 

3- Proposed Framework for churn analysis 

As uncovered in the literature review, an approach blending data-driven 

Agent-Based Modeling (ABM) with machine learning holds promise for 

integrating the strengths of both methods while mitigating their shortcomings. 

The following sections outline the framework in a step-by-step manner. 

3-1- Contextual modeling 

Contextual model is a means of communication that describes the details of a 

model in a form such as text or diagrams [24]. Providing a contextual model 

enhances researchers' and stakeholders' understanding of the model as well as 

requirements for model generation. This understanding enables informed 

decisions regarding the selection, integration, and preprocessing of relevant 

data, thereby improving the overall quality and effectiveness of the model. A 

contextual model of our proposed framework is depicted in Figure 1. This 

model serves as a representation of the key components and their relationships 

within the framework, and also provides a high-level overview of how various 

elements interact and contribute to the analysis of churn behavior. The main 

components of an ABMS are consisted of Data preprocessing and 

collection[25], finding patterns and agent behaviors using ML techniques[26]. 

The contextual model consists of several interconnected components, 

including data collection, preprocessing, agent behavior modeling using 
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machine learning, and an ABMS for churn analysis. Each component plays a 

vital role in the overall framework and contributes to the comprehensive 

understanding of churn behavior. 

 

 

Figure 1. Contextual model of the proposed framework 

 

3-2- Conceptual Modeling 

The main objective of this model is to simulate the behavior of individuals in 

a telecommunications market with two mobile network operators (MNO). The 

simulation aims to predict the future market share, churn rate, and revenue of 

each MNO by employing different marketing strategies. In this simulation, the 

agents are represented as human agents (Human Agent).  To demonstrate the 

causal relationships between variables and the feedback structure of the 

system, the best tool is the use of a causal loop diagram[27].  Figure 2 shows 

how an agent makes the decision to churn or stay. 
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The Human Agent exists within a closed network environment and possesses 

static and dynamic attributes. The static attributes include the agent's name, 

gender, marital status, number of dependencies, internet service usage, and 

bandwidth usage. These attributes are initialized at the beginning of the 

simulation using the IBM dataset. On the other hand, the dynamic attributes 

consist of contact information, age, tenure, churn status, and bandwidth usage. 

The agents use MNO services such as internet and calls, and they are also 

influenced by word-of-mouth (WOM) from their contacts as well as 

advertisements. As mentioned in [28]  WOM and advertisement are directly 

influence each which considered in this research’s model implementation. 

 After a defined period of time, each agent makes a decision whether to churn 

or not based on parameters affecting the churn decision. The model captures 

the essential components and relationships within the agent, offering a 

comprehensive understanding of its decision-making process and behavior in 

the telecom market. This simulation provides insights into the factors 

influencing customer churn and helps evaluate the effectiveness of various 

marketing strategies. 

 

Figure 2. Customer agent behavior conceptual model 

 

3-3- Dataset 

The IBM Telco dataset1 is a valuable resource used in this research. It 

comprises 21 attributes and 7,044 rows of data, focusing on customer behavior 

within a telecommunications company. The dataset provides insights into the 

 
1 TanKY (2020). Telco customer churn: IBM dataset . https://www.kaggle.com/yeanzc/telco-customer-

churn-ibm-dataset 
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relationship between customer actions and churn. The dataset is widely 

recognized in the research community and has been extensively used by 

researchers for customer churn prediction. It includes both categorical 

features, representing object types, and numeric features, representing 

continuous variables. Using a common dataset makes it possible to compare 

and benchmark their results. The dataset can be accessed on Kaggle. 

3-4- Attribute Model Creation Process 

Assigning realistic attribute values will increase the model’s correspondence 

with the real world. There are two ways for assigning values to an agent’s 

attributes from a dataset: Translational Assignment and Algorithmic 

Assignment. Table 3 describes these methods. 

 

Table 2. Value assignment in ABM model 

Assignment   Method Description 

Translational 
Assigning attribute values through simple translation based on 

available data 

Algorithmic 

Determining attribute values using advanced algorithms. Involves 

cases where there are multiple records per agent for attribute 

identification. Requires training data for machine learning 

algorithms or mathematical operations. Ground-truth datasets are 

obtained by processing agent data for supervised 

classification/regression. Model training/fitting or creating simple 

algorithms. Testing for satisfactory fitness and generalizability of 

the model. Revision of attribute model creation if needed. 

 

To enhance the analysis of churn behavior in the dataset, it was crucial to 

include the attribute of average monthly internet usage. However, this attribute 

was not initially available in the dataset. To address this, a linear regression 

model was employed as part of the algorithmic assignment approach. This 

model was used to predict the value of average monthly internet usage for 

each agent in the dataset. Linear regression was chosen as the method for 

estimating the average monthly internet usage due to its simplicity, 

interpretability, and ability to capture linear relationships between the 

independent variables and the dependent variable. The selected features, 

including gender, age, marital status, number of dependents, internet service 

type, and tenure in months, were believed to have a significant impact on 

internet usage patterns. By using linear regression, we aimed to quantitatively 
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analyze the influence of these features and create a predictive model that could 

accurately estimate the average monthly internet usage for each customer 

agent. The interpretability of the regression coefficients also allowed us to 

assess the relative importance of each feature in determining internet 

consumption, providing valuable insights for understanding churn behavior 

and customer preferences. 

3-5- Linear regression 

In linear regression, the relationship between the independent variables (x) 

and the dependent variable (y) is represented by a linear equation 1: 

𝑦 =  𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯ + 𝛽𝑝𝑥𝑝 + 𝜖   (1) 

Where: y is the dependent variable (average monthly internet usage) β₀ is the 

y-intercept (bias term) β₁, β₂, ..., βₚ are the coefficients (weights) associated 

with each independent variable (gender, age, marital status, number of 

dependents, internet service type, tenure in months) 

x₁, x₂, ..., xₚ are the values of the independent variables ε represents the error 

term (the difference between the predicted and actual values)  

The goal of linear regression is to estimate the coefficients (β₀, β₁, β₂, ..., βₚ) 
that minimize the sum of squared residuals. This is typically done using a 

method called Ordinary Least Squares (OLS), which involves minimizing cost 

function Eq (2): 

𝐽(𝛽) = ∑(𝑦𝑖 − ŷ𝑖)2  (2) 

Where: yᵢ is the actual value of the dependent variable for the ith observation ŷᵢ 

is the predicted value of the dependent variable for the ith observation to 

estimate the coefficients, the partial derivative of the cost function with respect 

to each coefficient is calculated and set to zero, resulting in a system of 

equations. This system can be solved to obtain the optimal values for the 

coefficients, which minimize the cost function and provide the best fit line for 

the given data. The R-squared value (r²) represents the proportion of the 

variance in the dependent variable that can be explained by the independent 

variables. It is calculated as Eq (3): 

𝑟2 = 1 − ((∑(𝑦𝑖 − ŷ𝑖)2/ ∑(𝑦𝑖 − ȳ)2)  (3) 

Where: Σ(yᵢ - ŷᵢ)² is the sum of squared residuals (SSR) Σ(yᵢ - ȳ)² is the total 

sum of squares (SST) ȳ is the mean of the dependent variable The mean 
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absolute error (MAE) is a measure of the average absolute difference between 

the predicted and actual values of the dependent variable and is calculated as 

Eq (4): 

𝑀𝐴𝐸 = ∑ |𝑦𝑖 − ŷ𝑖|/𝑛  (4) 

Where: n is the number of observations  

During this process, each feature was assigned a weight to represent its 

influence on the average monthly usage, and through network training, a linear 

equation was derived to minimize the mean squared distance between the line 

and the data points. The model achieved an R-squared value of 0.503099, 

indicating that approximately 50.31% of the variability in the average monthly 

internet usage can be explained by the selected features. The mean absolute 

error was calculated as 11.237254, representing the average absolute 

difference between the predicted and actual values of the dependent variable. 

These evaluation metrics provide insights into the performance of the linear 

regression model in estimating the average monthly internet usage, indicating 

a moderate level of accuracy and explanatory power. The result of modeling 

monthly internet and call usage using linear regression method is presented 

in table 4. 

On the other hand, for customer agent characteristics such as age, gender, 

marriage, tenure in months, number of dependencies, and bandwidth usage, 

the translational assignment method was employed. This involved a 

straightforward translation process to assign appropriate attribute values based 

on the available data. By combining both algorithmic and translational 

assignment methods, a comprehensive and accurate representation of the 

dataset was achieved, facilitating a more insightful analysis of churn 

behavior.  

Table 3. Call and internet usage behavior model 

 Call usage model Net usage model 

Feature Weight Weight 

Age 0.2 -0.03 

Number of Dependents -0.11 0.03 

CLTV -0.001 0.02 

Number of Referrals -0.06 0.01 
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3-6- Behavior Model Creation 

The creation and testing of behavior models are the central aspects of this 

study approach, encompassing various sub-processes. These processes result 

in the development of behavior models that can be effectively employed to 

execute agent behaviors. To model the churn behavior from the dataset, we 

utilized a single-layer perceptron algorithm. This algorithm is a type of 

artificial neural network that consists of input nodes, a weighted sum 

calculation, an activation function, and an output node. For each feature, we 

assigned a weight that represents its influence on churn. The perceptron then 

calculates the weighted sum of these feature values and a bias term. 

Mathematically, the weighted sum (z) for a given input sample (x) can be 

calculated as Eq (5). 

𝑍 =  𝑤1𝑥1 + 𝑤2𝑥2 + ⋯ +  𝑤𝑝𝑥𝑝 + 𝑏  (5) 

Where w₁, w₂, ..., wₚ are the weights associated with each feature, x₁, x₂, ..., 

xₚ are the corresponding feature values, p is the number of features, and b is 

the bias term. The perceptron’s output is obtained by passing the weighted 

sum through an activation function. In this case, we used a step function. The 

step function applies a threshold to the weighted sum, resulting in a binary 

output. Mathematically, the output ŷ can be calculated as: 

ŷ = 𝑠𝑡𝑒𝑝(𝑧) =  {1, 𝑖𝑓 𝑧 ≥  𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑| 0 , 𝑖𝑓 𝑧 <  𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑} 

The threshold determines the decision boundary between churn and non-churn 

instances. The weights and bias terms are adjusted during the training process 

to minimize the error between the predicted churn status ŷ and the actual churn 

status y for the training samples. The perceptron learning algorithm updates 

the weights and bias term iteratively based on the difference between the 

 Call usage model Net usage model 

Tenure in Months 0.111 0.015 

Avg Monthly GB Download 0.14 0.1 

Gender 0.01 0.02 

Under 30 -0.6 0.96 

Married 0.2 0.03 

Bias 0.01 -0.2 
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predicted and actual churn status, aiming to minimize this difference. This 

process continues until the algorithm converges or reaches a predefined 

number of iterations. By training the single-layer perceptron using the dataset, 

we obtained the weights and bias term that define the relationship between the 

features and churn behavior. This enables us to predict the churn status for 

new customer instances based on their feature values.  

The evaluation of the churn model using various metrics confirms its 

effectiveness in predicting churn behavior. With an accuracy of 0.92, the 

model accurately predicted churn in 92% of the instances. The macro average 

and weighted average precision, recall, and F1-score metrics also achieved a 

consistent score of 0.92, indicating a well-balanced performance across 

different classes and datasets. These evaluation results highlight the model's 

reliability and ability to generalize well. It is important to consider other 

factors such as business context, cost considerations, and domain expertise 

when interpreting these metrics. Overall, the churn model demonstrates strong 

predictive capabilities. At the end of our analysis, we derived the function of 

churn and determined the importance weight of each feature. This function 

provides valuable insights into how each attribute affects the churn behavior 

of individual customers. The importance weight of each feature is summarized 

in Table 5. 

Table 4. Churn behavior function of each customer 

Feature Weight 

Number of Referrals -6.05 

Tenure in Months -3.2 

Married 0.9 

AVG minutes Call 1.8 

Avg Monthly GB Download 3.2 

Number of Dependents 2.0 

Age 1.41 

CLTV -1.04 

Under 30 4.02 

Gender 0.97 

Bias -3.0 

 



 ــــــــــهمکاران ـــــ و محمدجواد جعفری                    ... .بر مبتنی محورداده یارائه چارچوبـــــ  ــــــــ

178 

3-7- Simulation engine  

Table 6 provides an overview of various parameters related to the telecom 

market. Parameters are categorized into groups such as Usage Patterns, Agent 

Characteristics, Cost and Pricing, Internet Quality and Capacity, 

Advertisement, and Satisfaction and Churn. Each parameter is described to 

explain its purpose and relevance in the simulation model. 

The framework developed in this study is designed to facilitate a range of 

simulation experiments aimed at evaluating different marketing strategies and 

predicting their impact on market dynamics. Our main objective was to 

determine the most effective marketing strategy for MNO 1 in response to 

MNO 2’s new marketing campaign. Table 7 summarizes the simulation 

experiments which can be conducted within this framework. 

3-8- Model assumptions  

Friedman’s methodological credo, “good simulations rely on assumptions that 

are adequate for their purpose, rather than being descriptively accurate” is 

pragmatically relevant for agent-based modeling [29]. 

It is assumed that satisfaction due to QoS changes gradually for each customer 

agent during their tenure. It is also assumed that this change applies to the 

general appreciation of the current operator with the coefficient 𝛽[0,1]. In this 

study, it is assumed to be in the 0.5~0.7 interval. Other initial values of 

parameters are presented in Table 8. 

In order to create a model that reflects reality in terms of sensitivity to bill 

prices, it is necessary to have an estimation of average talk time and internet 

usage per user. It is predictable that clients prefer to pay less, and this should 

show itself in the model if an MNO decides to dump prices aggressively to 

have a more significant market share. 

To find the right tariff for talk and internet we have looked into Telecom 

market insights for 2021 which shows Call tariffs of 0.02~0.10$ for local and 

national calls and 0.5 ~4$ per gigabyte of internet consumption. Tariffs 

0.05$/minute and 0.5$/GB  were chosen as first estimates and applied to 

Monthly Cost based on average internet consumption. As the number of 

negative talk times were only a few (~300 out of 7024 records) and for 

simplicity’s sake, these numbers were assumed to estimate talk time for all 

samples int the data. This also means that effects of tariff variations in 

different plans, VAS and other options are neglected in our study. 



 1403 تابستان، 2، شماره  9ـــــــــ دوره ـــ ــ ـگیری  ـــــــــــــــهای نوین در تصمیم پژوهش              `

179 

3-9- Model validation 

Verification refers to the process that examines a model’s performance against 

the intended designed study while validation evaluates to what extend the 

model explains the real-world system. Following the recommendations of 

Arifin and Madey[30], the model in this study was verified to implement the 

designed study illustrated in Fig1.  

[30]Given the data collected from a real-world dataset, this study assumed that 

the agent’s choices and attributes are likely to be representative of a 

community with 7000 customers. The churn behavior of this community is 

predicted based on extracted rules from the data using machine learning and 

agent-based modeling. 

There are many types of validation for ABM, including requirement 

validation, data validation, face validation, process validation, theory 

validation, agent validation, and model output validation. This study captures 

four types of validations, 

Including [31]: Data validation: The data collected to represent agents in this 

study are based on the IBM telco churn dataset. Model validation: This model 

is implemented based on real world data not theories. These models were 

validated by cross-validation technique. Model output 

validation(scenario): Broadly speaking, sensitivity analysis can considered as 

the exploration of a mathematical or numerical model. The model is typically 

regarded as a black box that processes inputs and calculates one or more 

quantities of interest (outputs). Thus, the exploration is not performed by a 

direct inspecting of the model. Instead, the properties of the model are 

obtained indirectly, by investigating how the output changes given variations 

in the inputs. 

To test this, we can run the model with the same inputs for both operators, 

except for one parameter that we vary between them. This allows us to predict 

the outcome based on the parameter difference and then compare the 

simulation results with our prediction. 

For instance, considering the advertising cost, If MNO1 spends twice as much 

as MNO2, we would expect a positive evolution in market share for the bigger 

spender, MNO1 assuming everything else remains equal. 
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Table 5. Model Parameters 

Group Parameters Description Agent 

Usage Patterns 

Probability Internet 

Probability of using the 

internet when using the 

mobile 

Customer 

Phone Usage Rate 

Daily 

Average number of times the 

mobile is used per day 
Customer 

Internet Duration 
Duration of internet usage 

per session (hours) 
Customer 

Call Duration 
Duration of call usage per 

session (hours) 
Customer 

Contact Size 
Average number of contacts 

a person interacts with daily 
Customer 

Characteristics 

Scale Factor 

Number of people 

represented by each agent in 

the model 

Main 

InitialOperator1Share 
Number of people initially 

using Operator 1 
MNO 

InitialOperator2Share 
Number of people initially 

using Operator 2 
MNO 

Total number of 

people 

Total number of people in 

the agent properties 
Main 

Cost and Pricing 

Cost Call Operator Cost per minute of call MNO 

Cost Internet Operator 
Cost per gigabyte of internet 

usage 
MNO 

Cost Call Capacity 
Cost of increasing one unit 

of call capacity 
MNO 

Cost Bandwidth 

Capacity 

Cost of increasing one 

gigabyte of bandwidth 

capacity 

MNO 

Internet Quality 

and Capacity 

Free Share High 

Quality 

Unused share of Operator's 

internet capacity for high-

quality experience 

MNO 

Free Share Medium 

Quality 

Unused share of Operator's 

internet capacity for 

medium-quality experience 

MNO 
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Group Parameters Description Agent 

Free Share Low 

Quality 

Unused share of Operator's 

internet capacity for low-

quality experience 

MNO 

Total Capacity for Call 
Total call capacity of the 

Operator 
MNO 

Total Internet 

Bandwidth 

Total internet bandwidth 

capacity of the Operator 
MNO 

Advertisement 

Alpha 
Coefficient for the impact of 

advertisements 
MNO 

Advertisement Cover 

Level 

Coverage level of 

individuals per 

advertisement 

MNO 

Advertisement Cost Cost per advertisement MNO 

Advertisement 

Effectiveness 

Effectiveness of 

advertisements in increasing 

satisfaction 

Costumer 

Satisfaction and 

Churn 

Beta 
Coefficient for satisfaction 

of QOS 
Main 

Gamma 
Coefficient for calibrating 

churn probability 
Main 

 

Table 6. Scenarios which model can experienced 

Experiment Description 

Impact of 

Advertising 

Examining the influence of advertising on churn behavior by 

varying advertisement coverage level and cost per advertisement. 

Pricing Strategies 
Exploring the impact of pricing strategies on churn behavior by 

manipulating the cost of call and internet services. 

Operator Capacity 

Planning 

Investigating the effect of operator capacity planning on churn 

behavior by adjusting call and internet capacity plans. 

Comparative 

Analysis 

Conducting a comparative analysis of different operator-specific 

factors, such as initial operator shares and service quality levels. 

Sensitivity Analysis 
Performing a sensitivity analysis to assess the impact of parameter 

variations on churn behavior and model outcomes. 
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Table 7. Model parameters’ initial values 

Probability Value Probability Value 

Probability of using internet 0.6 High quality internet experience 0.5 

Phone usage daily rate 60 
medium quality internet 

experience 
0.65 

internet usage 0.1<x<2 low quality internet experience 0.85 

Call amount 0.1<x<2 Advertisement sequence MNO1 
1-30-

1 

Contact size 5 Advertisement sequence MNO1 1 

Higher price dissatisfaction 

threshold 
0.3 Campaign level MNO1 1-5-1 

Advertisement share MNO1 0.8 Campaign level MNO2 5 

Advertisement share MNO2 0.8 
call capacity increase plan 

MNO1 
10 

Call tariff MNO1 
1 – 10 - 

1 

call capacity increase plan 

MNO2 
10 

Call tariff MNO2 10 
call capacity increase plan 

MNO1 
20 

Internet tariff MNO1 
1 – 10 - 

1 

call capacity increase plan 

MNO2 
20 

Internet tariff MNO2 10 
High quality internet 

EXPERIENCE 
0.5 

 

By comparing the simulation results with this expectation, we can assess the 

accuracy of the model's prediction. 

We repeat this validation process for each input parameter, systematically 

varying one parameter at a time while keeping the others constant. This allows 

us to assess the influence of each parameter on the model's output and confirm 

whether it matches our expectations and real-world outcomes. Once the model 

has been successfully validated and its behavior matches our predictions, we 

can run simulations on it. This means using various scenarios, changing 

multiple parameters simultaneously, and observing the corresponding 

outcomes.  
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Simulations provide insights into the system's dynamics and allow us to 

explore different "what-if" scenarios to understand the consequences of 

different strategies and interventions. 

4- Scenario analysis 

Scenario analysis in ABMS can help market strategists determine the method 

and timing of intervention [37][36][35][33]. Suppose the following scenario: 

MNO2 has launched an aggressive campaign to increase its market share in an 

established market with two providers. MNO1 needs some time to determine 

the rival’s campaign’s efficiency and formulate a response with maximal 

efficiency (taking back the lost market share) with most negligible impact on 

the bottom-line results (least cost including the loss of potential income). In 

order for MNO1 to achieve its previous market share, a scenario was 

implemented in the designed Agent-Based Model (ABM Sim). The initial 

values were set, the model was run for a specific duration, and the results were 

thoroughly analyzed. 

Parameters such as the probability of using the internet when using the mobile, 

average daily phone usage rate, and duration of internet and call usage per 

session were also considered. 

The model was run with the given initial values for 10 months after which the 

main Key Performance Indicators: “market share”, “customer satisfaction”, 

“churn rate”, and “revenue” were compared with their initial value. At this 

point, MNO1 can respond with four different strategies: 1- a weaker response 

with the same mechanics, which is doomed to fail. 2- a similar response with 

the same mechanics (shadowing the rival). 3- a heavy handed response with 

the same mechanics and 4- a response using one or more mechanics (including 

the one its rival has used). 

Our initial hunch was for MNO1 to shadow MNO2, bringing the market back 

to the same point as before MNO2’s intervention. However, our simulation 

showed that this strategy is inadequate and potentially disastrous: Between 

MNO2’s initial manipulation and the start of MNO1’s response, MNO2 has 

increased its market share without sacrificing customer satisfaction. Although 

the situation seems similar to the initial conditions, the increased market share 

generates more positive WOM and contributes to an even grater increase in 

market share for MNO2 before the market reaches a new balance point. Thus, 
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it can be hypothesized that shadowing strategy only works if implemented as 

soon as possible, before the loss in market share becomes significant. 

The other common scenario would be for the rivals to start a “price war”, each 

dumping the price for services with hopes that the rival would lose even more 

and exit the market before the loss cripples it, with hopes that in a market 

without competitors, one can fix higher prices and recover the losses endured 

during the price war. Although this strategy forces marginal/small competitors 

to exit, it is a lose-lose scenario for contenders in a two-player market with a 

sizable market share for each competitor. Our model’s simulation results 

aligned with the theory and showed a significant loss in income for both 

MNOs in the case of a price war. 

So, another response for MNO1 was devised, which included a few different 

mechanics and more aggressive campaigns. This strategy worked but 

adjusting the right weight for each action in order to recover the lost market 

share and increase (or at least minimize the decrease) in income can be an 

arduous job. We have shown that using optimization techniques (Any logic 

optimization toolbox), such a response can be formulated faster and with more 

precision. 

4-1- Results 

Simulation for shadowing and price-cutting are presented as in month 3 

MNO2 has taken the initiative to reduce prices in order to gain a more 

significant market share. In both scenarios MNO1 starts intervening one 

month after MNO2’s manipulation (month 4) and a new balance situation has 

emerged after some time (9 weeks in shadowing scenario and 7 in price-

cutting). Results are in accordance with our presumptions as in the shadowing 

scenario, MNO1 continues to lose market share even after a price reduction. 

The new market share for MNO2 acts as an engine to encourage MNO1 

subscribers to switch, reaching a balance at a 45/55 MNO2 lead in market 

share. In a price-cutting scenario, MNO1 performs better by losing less market 

share than MNO2, which leads to a 48/52 split. Also, achieving a new balance 

point takes less time than the shadowing scenario because having fewer 

churners for MNO1 results in a lower churn rate for MNO1 than in the previous 

scenario. It seems that these corrective actions are inadequate for regaining 

the market share. Figure 3 depicts the market status in the developed model 

after the shadowing scenario. 



 1403 تابستان، 2، شماره  9ـــــــــ دوره ـــ ــ ـگیری  ـــــــــــــــهای نوین در تصمیم پژوهش              `

185 

 

 
 

Figure 3. KPI monitoring of the market for shadowing 

 

In our last simulation, we used AnyLogic’s optimization engine to formulate 

a better response with the objective of Maximizing MNO1’s market share 

without sacrificing too much revenue. Table 9 shows optimizer’s suggestions 

for MNO1. 

Table 9. optimizer’s suggestions for MNO1 

Parameter Best Value MNO2 Value 

Cost of call 6.75 8 

Cost of internet 6 8 

Sequence of advertising 6 10 

Level of advertisement 4 2 

 

After 8 weeks from applying the suggested strategy, a new balance emerges 

in market share (58.6/41.4 MNO1 leads) which means MNO1 has not only 

regained the lost market share but also has attracted more of its competitor’s 

subscribers. This means more revenue for MNO1.  
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In conclusion, the implementation and analysis of scenarios in the designed 

ABM Sim model offered valuable insights and actionable strategies for MNO1 

to enhance its market position. Considering a wide range of parameters, the 

simulation provided a comprehensive understanding of the market and 

informed decision-making processes to drive MNO1's success in a 

competitive telecommunications industry. 

5- Conclusion and future work 

In this research, the gap in utilizing a data-driven approach for ABMS is 

successfully filled. Our framework overcomes previous agent-based modeling 

methods' limitations by combining translational and algorithmic approaches, 

offering a more practical and data-focused solution.  

In contrast to approaches proposed in previous research [10,12,14,15,32], the 

framework outlined here incorporates data in both the Agents’ initial attribute 

and behavior assignment. Compared to the study by Mgbemena and Bell[16] 

that analyzed churn decisions in the telecom industry using IBM dataset which 

is not capable of analyzing different market scenarios, our enhanced 

framework offers an improved tool for scenario analysis, enhancing its utility 

for decision-makers. 

The validation process demonstrated the effectiveness of the framework's 

data-driven behaviors, as confirmed by cross-validation results, indicating the 

robustness and reliability of the proposed model. The established global model 

at the center of this study is validated by expert opinions through a survey that 

engaged 10 professionals from the industry. 

To further demonstrate the practical utility of the framework, a testbed was 

set up as a hypothetical competitive market with two mobile network 

operators and a community of customers who interact socially within their 

network. These interactions influence customers’ satisfaction level with their 

MNO, potentially impacting their decision to churn. 

The novel framework presented in this research provides enhanced 

methodologies for conducting scenario analysis, specifically designed to 

address the need for populations with diverse and complex behavioral 

patterns, thus offering significant advantages for marketing department.  
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Validating the study's primary goal of forecasting customers' churn behavior 

in response to various market interventions like promotions, price reductions, 

service quality problems, etc. A series of “What-if” scenario analyses were 

used to test the framework. In this particular scenario, MNO1 aimed to reclaim 

lost market share from MNO2's campaign. Valuable insights were gained from 

the framework, indicating that it would not be suitable to employ a shadowing 

strategy if a competitor launches a campaign in the market earlier, and other 

actors should consider incorporating dumping into their strategies. The 

optimizer suggested a course of action for MNO1 to reclaim its market share 

by executing intelligent and timely tactics such as shortening the ad sequence 

by 4 days and elevating the ad intensity to level 2, ultimately reducing revenue 

loss by surpassing the previous market share.  

While this study has made a solid contribution in addressing churn evaluation 

in the telecom market, there are avenues for future research to enhance the 

framework's versatility and applicability.  

1. Realistic Market Scenarios: Extend the framework to encompass realistic 

market scenarios by incorporating additional factors such as economic 

conditions, regulatory changes, and technological advancements. 

2. Dynamic Parameterization: Investigate adjusting the model's parameters 

to mirror changing market conditions, enabling a more flexible and responsive 

framework. 

3. Integration of External Data Sources: Investigating the integration of 

external data sources can enhance the accuracy and relevance of the model's 

predictions. This may involve incorporating data from social media or 

customer feedback. 

4. Extended Industry Applications: Assess the framework's adaptability for 

application in other industries beyond telecom, considering its potential in 

diverse sectors with similar challenges. 

By pursuing these avenues, future research can contribute to the ongoing 

refinement and expansion of our framework, ultimately advancing its 

effectiveness in capturing the intricacies of real-world market scenarios. 
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