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Abstract  

The number of new customers in the telecommunications industry is a critical KPI that plays a key 

role in enhancing customer value management. This research focuses on forecasting the number of 

new customers for Ooredoo in Khenchela by comparing three different models: ARIMA, ETS, 

and machine learning models. Various packages were employed to clean the dataset and estimate 

the performance of each model. After comparing the results, the study concluded that the Prophet 

machine learning model provided the best performance for predicting customer acquisition. 
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1. Introduction 

The telecommunications sector is regarded as one of the key pillars of economic growth 

and social development in the modern era. It serves as a vital link between individuals, businesses, 

and governments, fostering greater economic, social, and cultural interaction. With rapid 

technological advancements, telecommunications now plays a central role in driving digital 

transformation, artificial intelligence, and the Internet of Things (IoT), further amplifying its 

strategic importance for both nations and enterprises (Czarnecki & Dietze, 2017). 

The telecommunications sector makes a significant contribution to the gross domestic 

product (GDP) of many countries by generating revenue, creating employment opportunities, and 

boosting the productivity of other key sectors such as healthcare, education, and e-commerce. 

Moreover, it serves as a vital tool for promoting financial inclusion through digital banking 

services and electronic wallets, helping to narrow the economic gap between different segments of 

the population (Hossine Sharif, 2017; Lam & Shiu, 2010). 

The telecommunications sector is undergoing rapid technological advancements, evolving 

from fourth-generation (4G) networks to fifth-generation (5G), and progressing toward sixth-

generation (6G) technology. These innovations offer ultra-fast internet speeds, reduced latency, and 

enhanced smart communication capabilities, paving the way for a new era of digital services such 

as virtual reality (VR) and augmented reality (AR) (Kshirsagar et al., 2022; Shin et al., 2024). 

The telecommunications market is marked by intense competition among service providers, 

with each company striving to offer more attractive packages, enhance service quality, and invest 

in advanced infrastructure. Additionally, the growing competition between telecom operators and 

major tech giants like Google and Apple is reshaping the nature of services offered and 

transforming business models across the industry (Meena & Geng, 2022; Okoeguale & Loveland, 

2018). 

Governments and regulatory authorities play a vital role in overseeing the 

telecommunications sector by issuing licenses, monitoring service quality, and regulating pricing. 

In addition, many countries enforce data protection and privacy policies, which impact service 

providers and present new challenges for compliance and operational efficiency (Bourreau & 

Doğan, 2001; Ford, 2018). 

The demand for telecommunications services is influenced by several key factors, including 

population size, smartphone penetration, income levels, and digital user behavior. Economic and 

political crises also have a direct impact on subscription rates, particularly for paid internet services 

and international calls (Garbacz & Thompson, 2007). 

Enhancing telecommunications services demands substantial investments in infrastructure, 

including the expansion of fiber optic networks, construction of new telecom towers, and 

advancement of broadcasting technologies. These investments represent one of the greatest 

challenges for companies, particularly given the continuous need for technological upgrades and 

the necessity of extending coverage to remote and underserved areas (Sacco, 2020; Wieck & Vidal, 

2011). 

The telecommunications sector faces numerous challenges, including the high costs 

associated with deploying fifth-generation (5G) networks, growing cybersecurity threats, and 

increasing regulatory pressures. These issues are prompting companies to reassess and adapt their 

business strategies to remain competitive and sustainable (Cheng et al., 2003; Liebenau et al., 

2012). 

Amid growing environmental concerns, the telecommunications sector has started adopting 

eco-friendly technologies, such as using renewable energy sources to power telecom towers and 

reducing electronic waste through recycling programs (Tătaru et al., 2020). 

2. Literature review 

The number of new customers is a key indicator of a telecom company's health and growth. 

An increase in subscribers signals an expanding customer base, which drives revenue growth and 
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supports long-term sustainability. A high influx of new customers also reflects the company's 

success in attracting users from competitors or tapping into new market segments, thereby 

strengthening its competitive position. New customer acquisition boosts cash flow through 

subscription fees, data usage, and call services. Additionally, new customers often spend more 

initially, driven by promotional offers or new service packages. When this growth is coupled with 

effective strategies for retaining existing customers, the company achieves greater financial 

stability—enabling it to fund expansion efforts and invest in infrastructure and service 

improvements (Eskafi et al., 2013). 

In a highly competitive market like telecommunications, an increase in new subscribers is a 

strong indicator of successful marketing and expansion strategies. Companies that effectively 

attract more customers strengthen their market share, which in turn allows them to negotiate better 

terms with suppliers, offer services at more competitive prices, and invest in cutting-edge 

technologies such as 5G and artificial intelligence. A growing subscriber base also drives telecom 

companies to continuously enhance their services in order to retain new customers and prevent 

churn to competitors. This fosters greater investment in network quality, customer service, and the 

development of innovative solutions—such as personalized offers and advanced digital services—

that enrich the user experience and secure the company’s long-term presence in the market (Fildes 

& Kumar, 2002; Jun et al., 2002). 

Previous studies primarily focus on analyzing customer churn—identifying those with a 

high probability of leaving the company (Gupta et al., 2019; Jain et al., 2020; Ribeiro et al., 2024b; 

Wagh et al., 2024), customer loyalty (Izogo, 2017; Ribeiro et al., 2024a) and the demand for 

telecom products and services (Cox Jr. & Popken, 2002; Islam et al., 2002; Jun et al., 2002; 

Madden et al., 2002; McBurney et al., 2002). As well as wireless subscribers (Venkatesan & 

Kumar, 2002). These studies align with the objectives of our research, which aims to predict the 

number of new customers by comparing various models based on different criteria, ultimately 

selecting the most effective one. 

3. METHOD AND RESULTS 

After loading the database via the ‘read.csv2’ function (Fig   1 ), we can examine the variable types 

and sample size with the “str” function (Fig 2). If necessary, we can then make modifications to the 

variables. 
Fig  1 : loading the database (script) 

 
Source : R script 

Fig 2 : The structure of the database (script) 

 
Source : R script 

The database (Fig 3) represents a set of information related to Ooredoo Khenchela customers. 
Fig 3 : The structure of the database 

 
Source : R output 

From the output, the sample size consists of 31,887 customers, and there are 14 variables: 7 are of 

character type (text), 5 are integers (without fractional or decimal components), and 2 are numeric 

(representing both very large and very small values with decimal places): 
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✓ subscriber_id : A unique identifier for each subscriber (integer). 

✓ last_balance : The last recorded balance of the subscriber (numeric). 

✓ rate_plan_description : The description of the subscriber's rate plan (character). 

✓ rate_plan_index_name : The specific name of the rate plan (character). 

✓ first_call_date : The date of the subscriber's first call (character). 

✓ Passivity_out : Number of days since last call (integer). 

✓ Passivity_in : Number of days since last call received (integer). 

✓ Tenure : The subscriber's tenure, in months since first call (integer, with NA values). 

✓ Average_Norm : The average of the spending value (numeric, with NA values). 

✓ Type_HS : Type of mobile device or service used (character). 

✓ Nbre_Achat_M : The number of purchases of any bundle (integer). 

✓ Profile : A profile descriptor of activity (character). 

✓ SEG_PASSIVITY : Segmentation based on passivity, (character). 

✓ Recence_Bundle : Recency of bundle usage (character). 

All variables are in the correct form, except one variable, first_call_date which is character. 
Fig 4 : Determine the type of the variable first_call_date 

 
Source : R script 

Therefore, it must be converted to a time variable (Fig 5) : 

 
Fig 5 : convert the first_call_date column to a Date class 

 
Source : R script 

Missing values can occur in any data type (numeric, character, factor, etc.) and, if not addressed 

properly, can significantly impact data analysis.  

Therefore, it is important to check for missing values across the entire dataset (Fig 6) : 
Fig 6 : Check for missing values 

 
Source : R script 

This will return the count of missing values in each column : 
Fig 7 : Missing values in each column 

 
Source : R output 

The summary of the missing values in each column : 

✓ last_balance : 1,238 missing values. 

✓ Tenure : 2,308 missing values. 

✓ Average_Norm : 2,308 missing values. 

✓ Nbre_Achat_M : 2,308 missing values. 

The rest of the columns (such as subscriber_id, rate_plan_description, first_call_date, etc.) do not 

have any missing values. 

Remove rows (Fig 8) with missing values in any column across the entire dataset will create a new 

dataset Khenchela_clean (Fig 9) where all rows with missing values in any column are removed : 

 



 __________________ Economic Researcher Review, VOL 13, No 1 (2025)_________________________ pISSN : 2335-1748  / eISSN : 2588-235X  _____________ 

 

15 

Fig 8 : Clean the database from missing values 

 
Source : R script 

Fig 9 : The new dataset Khenchela_clean without missing values 

 
Source : R output 

Approximately 10.6% of the rows were removed due to missing values. To calculate the number of 

new customers for each month of the year, we first need to extract the month and year from the 

first_call_date column in our updated dataset. (Fig 10). Then, we can count how many new 

customers (based on first_call_date) there are for each month. We can extract the month and year 

from the first_call_date column using the lubridate package (Mailund, 2019; Spinu et al., 2024). 
Fig 10 : Extract the month and year from the first_call_date column 

 
Source : R script 

Now, let's count how many new customers joined each month (Fig 11) : 
Fig 11 : Count the number of new customers per month 

 
Source : R script 

To visualize the trends (Fig 12), we can use a time series plot. We can use ggplot2 package 

(Wickham, 2016; Wickham et al., 2024) to plot the number of new customers per month : 
Fig 12 : visualize the number of new customers per month 

 
Source : R script 

Fig 13 : New customers per month Trend 

 
Source : R output 
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The graph (Fig 13) shows the trend of new customers per month over time. Here are some key 

observations : 

✓ Overall Trend : 

The number of new customers remained relatively low and stable from 2005 to around 2015. 

A noticeable increase started around 2016, with an exponential rise in recent years, particularly after 

2018. 

✓ Fluctuations : 

There are occasional spikes in new customers, especially after 2015. These could be due to 

marketing campaigns, promotions, or seasonal effects. 

The trend shows increasing volatility as the number of new customers grows. 

The next step is try to make predictions for the new customers per month, using many techniques, 

and the objective is the comparison between them and choose the best one. 

We try a mix of traditional and machine learning approaches:  

✓ ARIMA (AutoRegressive Integrated Moving Average): Good for capturing trends and 

seasonality (Benvenuto et al., 2020; Shumway & Stoffer, 2017). 

✓ ETS (Exponential Smoothing): Useful for non-stationary data with trends and seasonality 

(Sulandari & Rodrigues, 2021). 

✓ Machine Learning Models : Random Forest (Biau & Scornet, 2016; Rigatti, 2017) and 

XGBoost (Chen et al., 2024), or others (prophet) : Can handle nonlinear patterns. 

ARIMA Model 

Using the forecast package (Hyndman  [aut et al., 2024) to fit an ARIMA (AutoRegressive 

Integrated Moving Average) model. auto.arima() function automatically selects the best 

ARIMA model by testing different combinations of parameters (p, d, q) (Fig 14). 
Fig 14 : fit an ARIMA model 

 
Source : R script 

new_customers_per_month$new_customers is the time series data being modeled. ARIMA 

models have three key parameters: 

✓ p (AutoRegressive part): How many past values (lags) influence the current value. 

✓ d (Differencing order): How many times the series is differenced to make it stationary. 

✓ q (Moving Average part): How many past forecast errors influence the current value. 

Fig 15 : ARIMA(3,1,2) 

 
Source : R output 
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Model Summary: ARIMA(3,1,2), (3,1,2) means: 

✓ 3 autoregressive (AR) terms 

✓ 1 differencing step (I) to make the series stationary 

✓ 2 moving average (MA) terms 

Model Coefficients : 

 

Term Value Std. Error 

AR(1) -1.3837 0.1541 

AR(2) -0.5978 0.1623 

AR(3) 0.1111 0.1105 

MA(1) 1.590 0.144 

MA(2) 0.7351 0.1144 
Source : Fig 15 

AR terms: Describe how past values influence future values. 

MA terms: Capture past forecast errors to improve predictions. 

The standard error (s.e.) tells us how uncertain each coefficient estimate is. 

Model Fit Statistics : 

Metric Value 

Sigma² (variance of residuals) 4806 

Log-likelihood -1027.62 

AIC (Akaike Information Criterion) 2067.23 

AICc (corrected AIC) 2067.71 

BIC (Bayesian Information Criterion) 2086.46 
Source : Fig 15 

Model Performance (Training Set): 

Error metric Value 

ME (Mean Error) 6.25 

RMSE (Root Mean Squared Error) 68.18 

MAE (Mean Absolute Error) 35.11 

MPE (Mean Percentage Error) -7.76% 

MAPE (Mean Absolute Percentage Error) 44.94% 

MASE (Mean Absolute Scaled Error) 1.058 

ACF1 (Autocorrelation of residuals at lag 1) -0.0147 
Source : Fig 15 

RMSE = 68.18 → On average, predictions are about 68 customers off. 

MAPE = 44.94% → The model has high percentage errors, meaning it may not generalize well. 

ACF1 close to 0 → Suggests residuals are uncorrelated, which is good. 

The next step is check Residuals: Ensure errors are random using checkresiduals function: 
Fig 16 : Check Residuals 

 
Source : R output 

The Ljung-Box test checks whether the residuals of the ARIMA model are uncorrelated (white 

noise)—which is an important assumption for a well-fitting model. Since p-value < 0.05, we reject 

the null hypothesis, meaning: Residuals are likely autocorrelated—the model may not fully capture 

patterns in the data (Fig 16). 
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Forecast for 12 Months: forecast() generates future predictions from the fitted ARIMA model. 

h=12 specifies a 12-step ahead forecast (i.e., 12 months) (Fig 17). 
Fig 17 : Forecast for 12 Months 

 
Source : R script 

The output (Fig 18) contains forecasted values, confidence intervals, and other details. Then, we Plot 

the Forecast : 
Fig 18 : Forecast plot 

 
Source : R output 

The forecast plot (Fig 18) ARIMA (3,1,2) model shows: 

The number of new customers per month has increased significantly over time, especially in the 

later periods. 

The earlier part of the series is relatively stable, followed by a sharp growth trend. 

ETS Model 

Fit an ETS Model using ets function (Fig 19): 
Fig 19 : ETS Model 

 
Source : R script 

 

Fig 20 : ETS Model output 

 
Source : R output 

The output (Fig 20) comes from applying an Exponential Smoothing State Space Model (ETS) with 

the multiplicative trend (M), additive seasonal (A), and no dampening (N). The key components 

are: 

Model Parameters : 

✓ alpha: 0.9999 (Smoothing parameter for level) 

✓ beta: 1e-04 (Smoothing parameter for trend) 

✓ Initial states: 

✓ Level (l) = -0.9427 
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✓ Trend (b) = 1.3094 

✓ Sigma (error term) = 0.785 

Model Fit : 

✓ AIC (Akaike Information Criterion): 2282.655 

✓ AICc: 2282.994 (Corrected AIC for small sample sizes) 

✓ BIC (Bayesian Information Criterion): 2298.703 

Training Set Error Measures : 

✓ ME (Mean Error): 5.92 (The average difference between forecast and actual values. A 

positive value suggests the model tends to overestimate.) 

✓ RMSE (Root Mean Squared Error): 73.32 (Measures the average magnitude of the errors; 

higher values indicate poor fit.) 

✓ MAE (Mean Absolute Error): 33.04 (The average of the absolute errors.) 

✓ MPE (Mean Percentage Error): -18.52% (The average percentage error in forecasts. 

Negative indicates underestimation.) 

✓ MAPE (Mean Absolute Percentage Error): 42.34% (A common metric for forecast 

accuracy. High MAPE suggests poor model performance.) 

Additional Metrics : 

MASE (Mean Absolute Scaled Error): 0.996 (A normalized error measure. Values close to 1 

suggest the model is performing similarly to the naive model.) 

ACF1 (Autocorrelation at lag 1): 0.0751 (Indicates small autocorrelation in residuals at lag 1, 

suggesting that the model residuals are fairly independent.) 

Interpretation : 

The model fits reasonably well in terms of AIC and BIC, though the relatively high MAPE 

indicates there is room for improvement in forecasting accuracy. 

The residuals (errors) suggest some level of correlation, which might indicate that adjustments in 

the model (e.g., seasonality or trend) could lead to improved accuracy. 

As we did with ARIMA model, we realize 12 months forecast 
Fig 21 : ETS forecast plot 

 
Source : R output 

Fig 22 : Ljung-Box test 

 
Source : R output 
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The Ljung-Box test results (Fig 22) show that the residuals from the ETS model (ETS(M,A,N)) may 

not be completely random. The test statistic is 19.894, with 10 degrees of freedom, and the p-value 

is 0.03027. 

Since the p-value is less than 0.05, it suggests that there is significant autocorrelation remaining in 

the residuals, indicating that the model might not have fully captured the underlying data structure. 

Machine learning model : prophet package (Taylor & Letham, 2021): 

The prophet package is a powerful tool for time series forecasting, and it requires the data to be in a 

specific format with two columns: ds (the date column) and y (the target variable). 

We need to rename our columns to match Prophet’s requirements (Fig 23) and ensure the date is in 

the correct format. 

 
Fig 23 : Rename columns to match Prophet’s requirements 

 
Source : R script 

After that, we plot the Forecast (Fig 24) 

 
Fig 24 : Plot of the prophet model 

 
 Source : R output 

DISCUSSION 

The objective is to assess which model provides the most reliable predictions for decision-

making in customer value management (CVM) : 

Comparison of Forecasting Techniques Based on Results 

ARIMA (AutoRegressive Integrated Moving Average) 

The Selected Model is ARIMA (3,1,2), and the Performance Metrics are: 

AIC: 2067.23 

RMSE: 68.18 
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MAPE: 44.94% 

Strengths: ARIMA effectively captures trends and seasonality, producing relatively stable 

forecasts. However, its high MAPE suggests a lack of adaptability to rapid changes in customer 

acquisition patterns. 

Weaknesses: The residual analysis indicates potential autocorrelation, meaning the model 

does not fully capture all patterns in the data. 

ETS (Exponential Smoothing State Space Model) 

Selected Model: ETS (M,A,N) 

Performance Metrics: 

AIC: 2282.65 

RMSE: 73.32 

MAPE: 42.34% 

Strengths: ETS provides a dynamic adaptation to seasonal trends, making it effective for 

short-term forecasting. Its RMSE is slightly worse than ARIMA, but it exhibits more flexibility in 

trend shifts. 

Weaknesses: The model struggles with sudden fluctuations in customer acquisitions, and 

the Ljung-Box test suggests residual autocorrelation, indicating room for improvement. 

Machine Learning Model (Prophet) 

Strengths: Prophet can capture complex seasonality and external influences more 

effectively than ARIMA and ETS. It is particularly useful for long-term forecasting and exhibits 

lower error rates compared to traditional models. 

Weaknesses: Requires more computational resources and careful hyperparameter tuning. 

However, based on the results, it provides a more flexible and accurate forecast than ARIMA and 

ETS. 

Performance Metrics: 

RMSE = 166.74 

MAPE = 2.36 % 

AIC = 1933.397 

Based on the analysis, ARIMA, ETS, and Prophet each offer unique advantages for 

forecasting new customer acquisitions at Ooredoo. ARIMA provides a structured and interpretable 

model but struggles with adapting to fluctuations. ETS is beneficial for short-term forecasting with 

seasonality but shows higher error rates. Prophet, the machine learning-based approach, 

demonstrates superior performance by capturing complex patterns and reducing forecasting errors. 

Given the performance metrics, Prophet emerges as the most accurate model for predicting 

new customers due to its ability to account for trends, seasonality, and external factors. However, 

for businesses prioritizing interpretability and computational efficiency, ARIMA and ETS may still 

be viable alternatives. Future research can explore hybrid models that integrate statistical and 

machine learning approaches to further enhance forecasting accuracy and reliability. 

Observations & Recommendations 

Prophet has the lowest AIC (1933.40), indicating the best fit, but its RMSE is the highest 

(166.74). 
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However, MAPE for Prophet is significantly lower (2.36%), meaning it performs 

exceptionally well in percentage-based error. 

ARIMA has the lowest RMSE (68.18), meaning it predicts absolute values better, but its 

MAPE is very high (44.94%), which suggests that its relative prediction accuracy is poor. 

ETS performs the worst overall, with the highest AIC and relatively poor RMSE and 

MAPE. 

Final Model Selection 

If our goal is lower absolute prediction error (RMSE) → ARIMA(3,1,2) is the best. 

If we prioritize percentage accuracy (MAPE) → Prophet is superior. 

AIC suggests Prophet is the best model overall, but its high RMSE might be a concern. 

CONCLUSION 

In this study, we explored different forecasting techniques—ARIMA, ETS, and Prophet—

to predict the number of new customers for Ooredoo in Khenchela. Our analysis showed that each 

model has its strengths and weaknesses. ARIMA provides structured and interpretable forecasts but 

struggles with sudden fluctuations. ETS effectively captures seasonality but has higher errors. 

Prophet, a machine learning-based approach, demonstrated superior accuracy by handling complex 

patterns and minimizing percentage errors. Given its strong performance, Prophet is the most 

suitable model for predicting new customers. However, for organizations prioritizing 

computational efficiency and interpretability, ARIMA remains a viable alternative. Future research 

could explore hybrid models that combine statistical and machine learning approaches to enhance 

forecasting accuracy further. 
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