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Abstract 

This study employs a hybrid forecasting approach, combining a statistical model and a machine learning model, to 
predict the monthly Call Setup Success Rate (CSSR) for Nigeria’s four major cellular networks using the CSSR dataset 
sourced from the Nigerian Communications Commission. The mobile networks studied were MTN, Airtel, Glo, and 
9mobile. The machine learning model applied in this study was the Random Forest algorithm, while the statistical model 
used is the Autoregressive Integrated Moving Average (ARIMA) model. Model performance was evaluated using Mean 
Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE), with forecasts 
validated against actual 2024 data. Results reveal consistently high CSSR values for most networks, with all operators 
frequently exceeding the Nigerian Communications Commission (NCC) benchmark. In this study, Random Forest 
generally outperformed ARIMA for datasets with pronounced non-linear fluctuations, while ARIMA performed better 
where trends were smooth and stable. Both models achieved exceptionally low forecast errors, with MAPE values below 
0.5% for Airtel, Glo, and MTN, and below 3% for 9mobile using Random Forest. The findings demonstrate the viability 
of combining statistical and machine learning models for accurate KPI forecasting, supporting proactive network 
optimisation, regulatory compliance, and customer satisfaction strategies.  
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1. Introduction

The Call Setup Success Rate (CSSR) is a key performance indicator (KPI) used to evaluate mobile network performance 
and reflect a network’s accessibility. It measures the percentage of call attempts that are successful, directly indicating 
the network’s accessibility [1-3], signaling efficiency, and service reliability [1,4-5]. A high CSSR indicates a robust 
infrastructure and efficient resource utilization. At the same time, a low CSSR often signals problems such as radio link 
failure, limited tower coverage, high traffic congestion, or core network issues [1-3,5-6]. Given the increasing reliance 
on mobile communication for business, education, governance, and social interaction, ensuring consistent and reliable 
call connectivity is more important than ever [6-7]. As mobile networks evolve with growing subscriber bases and rising 
demand for seamless voice services, continuous monitoring of call setup performance becomes essential for identifying 
underlying network weaknesses and guiding infrastructure development [6-7]. 

In Nigeria, several studies have examined the CSSR across various GSM networks, often with a focus on specific regions 
or limited measurements [8-38]. While these studies have provided valuable insights into network accessibility, they 
fall short of offering a comprehensive, nationwide perspective based on an extended longitudinal dataset [39-40]. 
Furthermore, only a limited number of investigations have employed predictive modelling techniques to forecast future 
performance of mobile networks [41-48] or systematically compare model accuracies [49-50]. These methodological 
and scope-related gaps constrain the ability of stakeholders to anticipate potential performance challenges and to 
implement proactive strategies for service optimization [48,51]. Addressing these limitations is therefore essential to 
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enhance the understanding of network performance dynamics and to support evidence-based decision-making in the 
Nigerian telecommunications sector. 

This study applies predictive modelling techniques, specifically the Autoregressive Integrated Moving Average (ARIMA) 
model and the Random Forest algorithm, to forecast future CSSR values. Model accuracy was evaluated using Root Mean 
Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). By integrating 
statistical and machine learning approaches within a longitudinal analysis framework, the research provides deeper 
insights into network accessibility patterns across Nigeria. The findings support the development of more robust and 
intelligent forecasting methods, offering a valuable decision support tool for regulatory bodies and Mobile Network 
Operators (MNOs) to enhance service monitoring, optimise network performance, and maintain high-quality 
telecommunications services nationwide. 

2. Methodology 

This section employed a three-phase approach: data acquisition, predictive modeling, and validation of the prediction 
models. 

2.1. Data Acquisition 

Monthly CSSR data for the four major GSM Networks across Nigeria were obtained from the Nigerian Communications 
Commission (NCC), spanning January 2014 to November 2024. This data was obtained by NCC using specialized 
counters from the Network Operation Centers (NOCs) of the respective MNOs. The dataset captures variations in 
successful call setups across the networks. The networks are MTN, Airtel, Globacom, and 9mobile. 

2.2. Historical Trend and Predictive Modeling 

For each network investigated, graphs were plotted to understand the trend in the networks from January 2014 to 
November 2024. The historical data from January 2014 to December 2023 was then used to train the forecast models. 
Forecasts were generated from January 2024 to December 2024 using the statistical and machine learning models. The 
statistical approach involved using the ARIMA model, a classical method for forecasting time series. The machine 
learning model used was the random forest, an ensemble machine learning model, which was employed in this study 
due to its robustness and generalization capabilities. Each of the models used in this study had its uniqueness. 

2.2.1. Autoregressive Integrated Moving Average (ARIMA) 

The ARIMA model is a statistical method for analysing and forecasting time series data. It combines three components: 
Autoregressive (AR), Integrated (I) and Moving Average (MA). 

The Autoregressive component uses the relationship between a current observation and several past observations. It is 
controlled by parameter p (the number of lag observations used). The integrated component involves differencing the 
data to remove trends and seasonality, making the data stationary. The integrated component is controlled by 
parameter d, which is the number of differences taken. The last component is the moving average, which utilizes the 
relationship between the observation and the residual errors from a moving average model applied to lagged 
observations. The moving average model is controlled by parameter q, which is the size of the moving average window. 
A summation of the components gives the general form of ARIMA as ARIMA (p, d, q) [52]. 

While the ARIMA works well for short-term forecasting and is flexible for non-seasonal and seasonal data, however, the 
limitations of the model are that it requires stationary data and is not ideal for highly volatile or non-linear series. 

2.2.2. Random Forest 

Random forest is a machine learning approach widely applied in both classification and prediction tasks [53]. It operates 
on the principle of decision trees by building an ensemble of multiple trees and combining their results to produce a 
final prediction. Each decision tree in the forest is generated from a random subset of the dataset, with training carried 
out on only a fraction of the entire data. The predictions from all trees are then aggregated to form the overall output 
[54]. A key strength of random forests lies in their ability to manage imbalanced datasets and handle variables with 
missing values. They also reduce the bias associated with arbitrary variable selection, which can occur in some other 
models. By training multiple trees on randomly selected subsets of data, random forests effectively minimise overfitting 
and improve generalisation to unseen data. Recognised as one of the most powerful and efficient machine learning 
methods, random forests are extensively employed in areas such as automated classification, predictive analytics, and 
supervised learning [55]. 
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2.3. Performance Metrics 

To evaluate the performance (accuracy and reliability) of the forecast models, error metrics were deployed. Error 
metrics used in this study were the RMSE, MAE, and MAPE. The best-performing model for each network was selected 
based on the lowest error values, as the model with the lowest error values was seen to have the highest predictive 
accuracy. 

2.4. Software Used 

Python was employed as the primary software tool for data analysis and modeling in this study. Its flexibility, extensive 
library support, and strong data handling capabilities made it an ideal choice for conducting both statistical and machine 
learning tasks. Specifically, the following Python libraries were utilized: Pandas was used for data cleaning, 
manipulation, and time-series structuring. Matplotlib and Seaborn were used for generating trend plots and 
comparative graphs across networks. SciPy was used for statistical analysis. Statsmodels was used for ARIMA modeling, 
while Scikit-learn was used for the machine learning application (Random Forest) 

3. Results and Discussion 

The historical analysis of the CSSR performance across Nigeria, forecasting of CSSR for mobile networks, and 
performance evaluation of the forecast models have been completed. The results are being displayed in this section in 
the form of graphs and tables, each of which is been discussed in detail. 

3.1. Analysis of Historical Trend 

In this section, historical graphs are plotted for the mobile networks under study. The historical graphs describe CSSR 
data from January 2014 to November 2024, for each network. 

 

Figure 1 Graph of CSSR from January 2014 to December 2024 

Figure 1 presents the monthly trends of CSSR from January 2014 to December 2024. The plot uses colour-coded lines 
to represent each network: red for Airtel, blue for 9mobile, green for Globacom, and yellow for MTN. Using the NCC 
benchmark of 98% for CSSR, the performance of the four networks over a 132-month study period is summarized as 
follows: 

Airtel achieved CSSR values equal to or above the 98% benchmark in 121 out of 132 months, representing 
approximately 91.7% of the study period. Only 11 months recorded CSSR values below the benchmark. The minimum 
CSSR observed for Airtel was 96.72%, while the maximum reached 99.45%. 

9mobile recorded CSSR values at or above the benchmark in 107 months, which accounts for approximately 81.1% of 
the total period. CSSR values fell below 98% in 25 months. The network’s CSSR ranged from a minimum of 78.57% to a 
maximum of 99.39%. 

Glo attained CSSR values of 98% or higher in 127 months, representing approximately 96.2% of the study duration. 
Only 5 months fell below the benchmark. Glo’s CSSR spanned from 96.74% at its lowest to 99.18% at its highest. 
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MTN CSSR values met the benchmark in 122 months, approximately 92.4% of the study period. It recorded values below 
98% in only 10 months. During this period of study, the minimum CSSR for MTN was 96.65%, while the maximum 
reached 99.73%. 

3.2. Analysis of Forecast Models 

In this section, the historical CSSR data from January 2015 to December 2023, for the four mobile networks, were used 
to generate monthly CSSR forecasts from January 2024 to December 2024 using two forecasting models: ARIMA and 
Random Forest. The results are discussed on a per-network basis, as each mobile network employed a different ARIMA 
model for forecasting due to the nature of the various networks’ data. 

3.2.1. Forecast Description for Airtel Network 

For the Airtel network, the dataset comprised monthly CSSR values from January 2014 to December 2023 (120 
observations). The data series was indexed monthly to ensure temporal ordering in Python, stored as a panda’s series 
object for processing. Visual inspection and Augmented Dickey–Fuller (ADF) testing suggested slight non-stationarity 
in the mean. First-order differencing (d=1) was applied to stabilise the series. A grid search was conducted over p = 
0 to 3, d = 0 to 2, and q = 0 to 3. The Akaike Information Criterion (AIC) guided parameter selection, with the lowest AIC 
corresponding to the ARIMA (2,1,2) configuration. The ARIMA (2,1,2) model was fitted to the historical data using 
Maximum Likelihood Estimation (MLE). This process optimised the autoregressive and moving average coefficients to 
minimise in-sample forecast errors. The fitted model was used to forecast CSSR values from January 2024 to December 
2024. 

For Random Forest, the raw monthly CSSR values were transformed into a supervised learning dataset suitable for 
machine learning regression. For each forecast target month, twelve lag features were generated to represent CSSR 
values from the preceding twelve months, capturing temporal dependencies in call setup patterns. Month-of-year 
dummy variables were added to account for seasonal variations. For example, to predict January 2024, the input vector 
contained CSSR values from January–December 2023 and a binary indicator representing January. This model was 
trained using the prepared dataset covering January 2016 to December 2023 (the first twelve months were reserved 
for lag generation). Hereafter, the Random Forest model constructed multiple decision trees using bootstrap sampling. 
At each node split, a random subset of features was selected, encouraging diversity among trees and reducing 
correlation between them. The final prediction was obtained by averaging the outputs of all trees, which improves 
generalisation and reduces the likelihood of overfitting. 

 
A recursive forecasting approach was adopted for the 2024 period. First, the RFR predicted the TCCH value for January 
2024 using the most recent twelve months of lag features. This predicted value was appended to the historical dataset 
and used as one of the lag inputs for forecasting February 2024. The process was repeated sequentially until forecasts 
were generated for all twelve months of 2024. 

 

Figure 2 Actual and Forecast CSSR Plot for Airtel Network 

The actual CSSR values and the forecasted values for Airtel network are presented in Figure 2. Again, colour-coded lines 
were used to represent the plots. Red for the actual value, black for the Random Forest and violet for the ARIMA plot. 
As depicted in the graph, both models accurately reproduced the stable trajectory of Airtel’s CSSR over the 2024 forecast 
horizon. While ARIMA effectively captured the long-term stability, Random Forest provided slightly closer alignment to 
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the actual monthly variations. This was evident in the finer tracking of small fluctuations between months, as visualised 
in the forecast plot. 

The forecast plot also indicated that Airtel’s CSSR remained consistently above the NCC benchmark, usually ≥ 98%, 
throughout the forecast period. The minimal forecast deviations in both models underscore a high level of operational 
stability, suggesting that network accessibility was both strong and resilient during the study period. Finally, 
performance evaluation of the forecast models was assessed using the MAE, RMSE, and MAPE. This was done to ensure 
comparability between the two models as presented in Table 1. 

Table 1 Performance Evaluation Metrics for Airtel Network 

Model MAE RMSE MAPE (%) 

ARIMA 0.48 0.55 0.49 

Random Forest 0.43 0.51 0.43 

From the table, it can be deduced that the Random Forest model demonstrated marginally superior predictive accuracy 
compared to ARIMA. However, both models achieved errors below 0.5% MAPE, signifying exceptionally high reliability 
in forecasting monthly CSSR values for Airtel network. 

3.2.2. Forecast Description for 9mobile Network 

Here, monthly CSSR data for 9mobile, covering January 2014 to December 2023, were used. The dataset was complete, 
with no missing values, and represented in percentage form (%). The Random Forest procedure was the same as 
described in section 3.2.1. However, there was a slight deviation in the ARIMA model. 

In the ARIMA model, a visual inspection of the time series suggested minor trends in the mean, indicating near-
stationarity. First-order differencing (d = 1) was applied to stabilise the series. The differenced series exhibited constant 
mean and variance, fulfilling the stationarity requirement. 

A grid search over p = 0 to 3, d = 0 to 2, and q = 0 to 3 was performed. For each parameter combination, the model was 
fitted, and the AIC was computed. The combination with the lowest AIC was selected. This resulted in the optimal 
configuration: ARIMA (2,1,2). The ARIMA (2,1,2) model was then fitted using the MLE method implemented in Python’s 
statsmodels package. This process estimated the coefficients of the AR and MA components along with the model 
intercept. The actual CSSR values and the forecasted models are presented in Figure 3. 

 

Figure 3 Actual and Forecast CSSR Plot for 9mobile Network 

As seen in the graph, actual CSSR (blue line) remained relatively stable, fluctuating between 94.07% and 97.77% over 
the year. However, ARIMA (1,2,3) (violet line) consistently underestimated performance, beginning around 89% in 
January and declining sharply to about 66% by December, failing to capture the actual stability of the network. At a close 
look, Random Forest (black line) closely tracked the actual CSSR, remaining within 1 to 3 % of the true values and 
accurately representing both peaks and dips. 

In terms of NCC’s benchmark for CSSR, ARIMA’s forecasts indicated severe non-compliance for 2024, while Random 
Forest provided a realistic forecast that was closer to actual compliance performance. Again, the performance 
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evaluation of both forecast models was evaluated using the actual CSSR values for January to December 2024. The 
accuracy metrics used were MAE, RMSE, and MAPE, as presented in Table 2. 

Table 2 Performance Evaluation Metrics for 9mobile Network 

Model MAE RMSE MAPE (%) 

ARIMA 16.79 18.73 17.48 

Random Forest 2.31 2.82 2.41 

The results show that Random Forest achieved significantly lower errors across all metrics, with a MAPE of 2.41%, 
compared to ARIMA’s 17.48%. This indicates that Random Forest tracked the actual CSSR values far more accurately. 
Also, Random Forest proved more suitable for this dataset, capturing non-linear patterns and recent performance 
trends more effectively than ARIMA. Hence, using ARIMA for operational planning will result in false alarms and 
misallocation of network resources. 

3.2.3. Forecast Description for Glo Network 

The monthly CSSR dataset for Glo, covering January 2014 to December 2023, was first arranged in chronological order. 
Each data point represented the average (CSSR) for a given month. For the Glo dataset, the forecast using Random Forest 
followed the same process. Also, for the ARIMA model, the same process was followed; however, to determine the 
optimal values, grid search was carried out over a range of p = 0 to 4, d = 0 to 2, and q = 0 to 4. Each combination was 
fitted using the AIC for model selection. The model with the lowest AIC was ARIMA (3,1,3). This ARIMA (3,1,3) model 
implies that the model used the previous 3 months’ CSSR values to predict the current month, worked with the first 
differences of the data to achieve stationarity, and used the previous 3 months’ forecast errors in the prediction process. 
The selected ARIMA (3,1,3) was fitted to the entire 2014–2023 dataset using the MLE method. Using this fitted model, 
a 12-step ahead forecast was generated for January to December 2024. The actual values and the forecast models are 
shown in Figure 4. 

 

Figure 4 Actual and Forecast CSSR Plot for Glo Network 

From the graph, actual CSSR (green line) was fluctuating between 98.54% and 99.39% over the year. The ARIMA (3,1,3) 
(violet line) and Random Forest (black line) exhibited patterns that closely tracked the actual CSSR, showing short-term 
fluctuations. Again, the performance accuracy of both forecast models was evaluated using the actual CSSR values for 
January to December 2024. The accuracy metrics used were MAE, RMSE and MAPE as displayed in Table 3. 

Table 3 Performance Evaluation Metrics for Glo Network 

Model MAE RMSE MAPE (%) 

ARIMA 0.15 0.21 0.16 

Random Forest 0.23 0.34 0.24 

Results show that ARIMA (3,1,3) slightly outperformed Random Forest in tracking monthly variations for Glo network. 
This was visible as observed in its lower MAE, RMSE, and MAPE values than Random Forest. However, both models 
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achieved very high accuracy (MAPE < 0.3%), implying that they were extremely close to the actual values and their 
forecasts reflected the underlying patterns in the historical data while accounting for short-term fluctuations. 

3.2.4. Forecast Description for MTN Network 

The monthly Call Setup Success Rate (CSSR) dataset for MTN, covering January 2014 to December 2023 was used. The 
ARIMA process was chronologically followed. The second-order differencing resulted in a stationary series with 
constant mean and variance over time. The parameter selection was performed over a range of values: p = 0 to 4, d = 0 
to 2, and q = 0 to 4. The model with the lowest AIC was ARIMA (1,2,2). This means that the model used one lagged value 
of the differenced series for prediction, worked on the second differences to achieve stationarity, and used two lagged 
forecast errors in making predictions. The ARIMA (1,2,2) model was fitted to the training dataset (January 2014 to 
December 2023) using the MLE approach. The fitted model was used to generate 12-month-ahead forecasts for January 
to December 2024. These forecasts captured the underlying trend of MTN’s CSSR while accounting for short-term 
fluctuations. For the MTN dataset, the forecast using Random Forest followed the same process as described in section 
3.2.1. The actual values and the forecast values of both models are presented in Figure 5. 

 

Figure 5 Actual and Forecast CSSR Plot for MTN Network 

To evaluate the accuracy of the forecast models, MAE, RMSE, and MAPE were calculated and presented in Table 4. 

Table 4 Performance Evaluation Metrics for MTN Network 

Model MAE RMSE MAPE (%) 

ARIMA 0.15 0.21 0.16 

Random Forest 0.23 0.34 0.24 

It is deduced from the table that both models achieved extremely high accuracy (MAPE < 0.1%), though ARIMA (1,2,2) 
performed slightly better than Random Forest in all three metrics, meaning it tracked MTN’s 2024 CSSR pattern more 
closely. This indicates ARIMA is more reliable for short-term CSSR forecasting when the data has a smooth, stable trend 
like that of MTN. 

4. Conclusion 

This study analysed the Call Setup Success Rate (CSSR) performance of Nigeria’s four major GSM networks (MTN, Airtel, 
Globacom, and 9mobile) from January 2014 to December 2024 and produced forecasts for January 2024 to December 
2024 using ARIMA and Random Forest models. Model accuracy was assessed using Mean Absolute Error (MAE), Root 
Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE), with forecasts validated against actual 2024 
CSSR values. 

The results show that MTN, Airtel, and Globacom consistently maintained CSSR values above the Nigerian 
Communications Commission (NCC) threshold of 98%, indicating stable and reliable network accessibility. Airtel and 
MTN recorded minimal deviations from the benchmark, reflecting robust infrastructure and efficient resource 
utilisation. Globacom exhibited moderate fluctuations but generally met the benchmark. Conversely, 9mobile displayed 
lower CSSR values and higher variability, suggesting operational challenges and the need for targeted improvements. 
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In terms of modelling, Random Forest outperformed ARIMA in capturing short-term fluctuations and non-linear 
patterns, particularly for networks with high variability such as 9mobile and Globacom. The ARIMA model performed 
comparably well for more stable networks, such as Airtel and MTN, offering a simpler and more interpretable 
forecasting option. Both models achieved high predictive accuracy, with MAPE values below 0.5% for most networks 
when using Random Forest, and below 3% for 9mobile, confirming their suitability for KPI monitoring. 

These findings have important implications for network operators, regulators, and policymakers. Accurate CSSR 
forecasting supports proactive network optimisation, early identification of performance issues, and data-driven 
investment planning. For the NCC, the results provide a solid basis for regulatory compliance monitoring. Maintaining 
high CSSR levels also enhances customer satisfaction, reduces churn, and strengthens competitive advantage in 
Nigeria’s telecommunications market. 

Future researchers should extend this study by incorporating additional Quality of Service (QoS) indicators and should 
also explore advanced hybrid deep learning models to further improve predictive performance.  
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