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Abstract: Recognizing the importance of competition analysis in telecommunications markets
is essential to improve conditions for users and companies. Several indices in the literature
assess competition in these markets, mainly through company concentration. Artificial
Intelligence (Al) emerges as an effective solution to process large volumes of data and
manually detect patterns that are difficult to identify. This article presents an Al model based
on the LINDA indicator to predict whether oligopolies exist. The objective is to offer a valuable
tool for analysts and professionals in the sector. The model uses the traffic produced, the
reported revenues, and the number of users as input variables. As output parameters of the
model, the LINDA index is obtained according to the information reported by the operators,
the prediction using Long-Short Term Memory (LSTM) for the input variables, and finally, the
prediction of the LINDA index according to the prediction obtained by the LSTM model. The
obtained Mean Absolute Percentage Error (MAPE) levels indicate that the proposed strategy
can be an effective tool for forecasting the dynamic fluctuations of the communications market.

Keywords: artificial intelligence; deep learning; LINDA index; long-short term memory;
market prediction

1. Introduction

Recent studies in Colombia reveal a high concentration in the
telecommunications market in fixed and mobile services. This situation directly
impacts prices, which are higher for users, and competitiveness, which is low (Bardey
et al.,, 2013). Limited competition creates an unfavorable environment for the
development of Information and Communication Technologies (ICT), restricting the
supply of new-generation services, such as the Internet of Things (10T), and negatively
affecting the growth of companies in the sector (Beckert and Siciliani, 2022; Myers
and Tauber, 2011).

The first step is to recognize the importance of competition analysis in Colombian
telecommunications markets (Ochuba et al., 2024). Until now, static econometric tools
have been used to allow evaluation in each period but make long-term prediction
difficult. This underlines the need to establish dynamic algorithms for more accurate
prediction and adaptation to the country’s realities. In this way, a more competitive
environment could be created, and the conditions for users and companies in voice and
data services could be improved at the mobile, residential, and corporate levels
(Adetunji and Moses, 2022; Beckert and Siciliani, 2022).

Therefore, it is essential to evaluate the algorithms that can perform this task,
with one of the most adaptable and dynamic options being the use of Al techniques.
These techniques can offer greater accuracy in prediction and adaptability, thus
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improving the competitiveness and quality of the services provided in the sector (Giral
etal., 2021).

In this context, Al is a solution capable of processing large volumes of data and
detecting patterns that would be impossible to identify manually (Giral-Ram ez,
2022). The LINDA index, designed to measure telecom markets, is used to measure
whether oligopolies exist or whether there are inequalities in the market and benefits
significantly from Al (Venegas et al., 2022). Using advanced machine learning and
predictive analytics algorithms, Al improves the accuracy and speed of the LINDA
Index analyses and provides effective results. Integrating Al using the LINDA Index
enhances the ability to respond and adapt to a dynamic and constantly changing
telecommunications environment.

1.1. LINDA index

In the current literature, various indices are designed to analyze and evaluate
competition in telecommunications markets, mainly through concentration measures
of companies in the sector (Venegas et al., 2022). These indices, known as
concentration indices, use vital variables such as the revenue generated, the number of
users, and the traffic each operator handles. These variables allow a comprehensive
assessment of the level of competition, providing a clear view of how resources and
benefits are distributed among the different market players.

This index focuses on the distribution of the k companies with the largest market
share, as it is designed to assess the degree of inequality in a market. The presence of
oligopolies means that, unlike the previous indices, it compares the concentration
between two groups of companies, those with the largest market share (leaders) and
the others, allowing their joint relative incidence to be calculated about the rest of the
companies (Equation (1)) (Venegas et al., 2022).
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where:

X, is the average market share of the first i companies.

Xy is the average market share of the remaining companies.

N is the total number of companies in the market.

The LINDA index’s range is between zero and infinity, and its interpretation is
given in Table 1 (Venegas et al., 2022).

Table 1. Interpretation of the LINDA index.

Concentration Range
Low <0.2
Moderate 0.2-05
High 0.5-1

Very High >1
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1.2. Artificial intelligence models

The financial market is random and difficult to predict, and so is the
telecommunication services market. Analysts have always sought innovative ways to
predict this non-linear and chaotic domain (Adetunji and Moses, 2022; Al-Mhdawi
and Qazi, 2024). Analysts used three main techniques to solve this problem. The first
one is fundamental analysis. The second one is technical analysis based on historical
data and some indicators. Recently, researchers have been trying to get more valuable
features like sentiment index and trends from historical data and then feed these data
into the input features (Giral-Ram ¥ez, 2022). The third combines the above two
techniques: Fundamental analysis and technical analysis. Technical analysis is entirely
based on historical data, making applying techniques like Al relevant. Different
approaches were adopted to roughly predict the market movement. The most famous
ones can be classified into five categories: Statistics, Machine Learning, Pattern
Recognition, Sentiment Analysis, and Hybrid (Berradi et al., 2020).

Deep Learning has demonstrated outstanding performance in modeling diverse
areas and domains, such as object recognition, image classification, and language
recognition (Giral et al., 2021). It has also shown promising results in time series
prediction in different disciplines, which underlines the ability of neural networks to
process, analyze, and model this type of information. In particular, Long Short-Term
Memory (LSTM) neural networks have stood out for their high performance in these
tasks (Ding et al., 2022; Lu et al., 2024).

LSTM networks

LSTMs are a particular type of recurrent network (RNNSs), which, in turn, are a
specific type of Deep Learning (Das et al., 2023). The main characteristic of RNNs is
their ability to persist information, allowing them to “remember” previous states and
decide on the following state (Li et al., 2022; Shi et al., 2022). Due to the above, they
are a suitable candidate for processing time series. However, RNNs can only model
short-term dependencies, while LSTMs can learn long dependencies; that is, they have
a longer-term “memory” (Rithani et al., 2023).

An LSTM network is an RNN that processes input information and updates the
state of the RNN (Prakash et al., 2023). The state of the RNN contains information
from previous time units. LSTMSs can forecast a time series using information from
last time units as input. To do this, the LSTM is trained with sequential output, where
the responses (targets) are the training sequences with values shifted by one-time units
(Rithani et al., 2023). There are two methods for forecasting: Open-loop and closed-
loop forecasting.

1.3. Comparison between prediction techniques

Table 2 summarizes the currently best-performing prediction techniques based
on the state of the art performed previously.
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Table 2. Comparison between prediction techniques.

Al Technique Precision Level Complexity Level Reference

Time Series High High (Lietal., 2022)

ANN Medium Medium (He and Wu, 2021)

Deep Learning Medium Medium glaizgt)al., 2022; Shietal.,
RNN Medium Medium (Maet al., 2023)

LSTM Very High High (Wang and Zhang, 2020)

1.4. Contribution and objective

The main contribution of this article is developing an Al model designed to
predict telecommunications markets. This model is based on the LINDA indicator, an
advanced analytical tool that accurately assesses trends and patterns in the
telecommunications sector. Through the implementation of machine learning and data
analysis techniques, the proposed model offers an innovative methodology that
overcomes the limitations of traditional approaches, providing more accurate and
relevant predictions for strategic decision-making in this field.

This study is focused on validating the effectiveness of the Al model, which is
based on the LINDA indicator, in enhancing the accuracy of predicting
telecommunications market dynamics. By achieving this goal, we aim to demonstrate
the model’s viability and provide a powerful tool for analysts and sector practitioners.
This tool has the potential to significantly improve planning and adaptation to market
changes in the telecommunications sector.

This article aims not to propose or develop a new prediction strategy but to take
advantage of the advantages of the LINDA indicator, which is currently used by
government entities, and of LSTM networks, which have demonstrated effective
results in prediction. No comparisons are made with other strategies since it is based
on validated methodologies. Instead of innovating in the technique, the hybridization
of the LINDA indicator and LSTM networks is sought to address the estimation of
future oligopoly environments.

2. Materials and methods

The objective of having a definition of test scenarios for the project is to achieve
the design of an Al model that allows characterizing and predicting competition in the
telecommunications market for mobile service regarding internet traffic, the number
of internet accesses, and internet revenues in Colombia. The methodology is
summarized in Figure 1 in the diagram.

The test scenarios for the project are described below.

a) Collect data on the variables Internet traffic, number of accesses, and revenue for
the mobile market in Colombia.

b) Clean the available data with the defined variables.

c) Standardize and/or homogenize the variables with which the model is to be
generated.

d) The LINDA index is calculated Based on standardization and/or homogenization.
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e) Prepare the dataset with 70% of the data for the training process, 15% for testing,
and 15% for verification of the prediction levels.

f)  Implement the prediction model using LSTM.

g) Perform different iterations to ensure reliability in collecting training and testing
data.

h) Check the R-squared value and adjust the variables or the model so that the value
exceeds 80%.

i)  Suppose the prediction values are below the established limits. In that case, the
variables used must be reviewed, or the empirical ranges established for the
model must be adjusted until the best possible values are obtained.

Preparation

Entry T
4 h4 N
Parameter Assertion
Neuron weights,
activation functions
and loss functions

T Feature

Database Selection
Traffic, Revenue,

Preprocessing
Normalization, Zeros, —=————t—)
Lost data

Subscribers
30% 70%

| Evaluation Data Training Data T
g J
Prediction
4 N\

Filter Input Parameters
Analysis of correlation 4
coefficients

Deep Learning

LSTM

r Prediccidn
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—E Validation = Settings }—
1 Validation

Index .
Construction - e

Exit
Figure 1. Proposed LSTM model.

2.1. Database

For this activity, the information presented by the Communications Regulation
Commission was used (Comisién de Regulacicn de Comunicaciones-Republica de
Colombia, 2024a, 2024b).

The database corresponds to the number of users, revenue, and traffic of 15
network operators. A program was developed in Python to organize and filter the
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variables of interest (traffic, users, and revenue) for each month and by the operator
from 2012 to 2022 (inclusive), cleaning and adapting the information.

Although the data used in this study are accurate and publicly available, it is
essential to consider the limitations due to the region and time. The data are limited to
a specific region and cover a specific period, which may restrict the generalization of
the results. In addition, the region’s particularities and the period analyzed may not
reflect the conditions of other areas or times, which could affect the applicability of
the results.

2.2. LSTM system model

Making predictions with a high degree of accuracy is beneficial for planning and
control in many fields of research and development. However, such a degree of
accuracy in estimates brings with it a high level of difficulty (Ghaffar Nia et al., 2023);
however, there are promising prediction techniques based on Al with the capacity to
provide awareness, reasoning, and learning, as is the case of LSTM (He et al., 2010;
Hern&ndez et al., 2020).

The future estimation of the time series of interest, in this case, the traffic,
revenue, and subscribers of telecommunications companies, or directly the selected
market concentration indices such as Stenbacka, IHH, or LINDA, will be carried out
using a recurrent neural system based on deep learning such as LSTM. Initially, the
theoretical concept of LSTM is defined, how the input time series to the system is
modeled is described, and the layered structure of the LSTM network is analyzed;
subsequently, the mathematical model that explains the LSTM system is built by
describing the interaction between the input neurons, the memory cells and output
neurons, during the training or learning process (Hern&ndez et al., 2020).

Traditional artificial neural networks cannot store information, so it is necessary
to modify their topology by creating recurrent structures that provide feedback to the
neuron and allow information storage; these structures are known as recurrent neurons.
The union of a set of these neurons is called Recurrent Neural Networks (RNN). They
allow the preservation of subsequent states between different time intervals where
their parameters are shared between the model’s multiple parts, allowing for better
generalization (Veeriah et al., 2015). One of the problems of RNN networks is long-
term dependency; this problem raises the need not always to study a whole history to
perform a current task, which implies that these neural networks only store the
information learned in the past and are not able to store new information in the short
term. LSTMs can be explicitly designed to avoid long-term dependency problems,
remember information for long periods, and learn new information. LSTM blocks
contain memory cells that allow them to remember a value for an arbitrary time and
use it when needed; it also has a forgetting layer that can erase the memory content
when it is not applicable. All components are built as differentiable functions and
trained during backpropagation (Wang et al., 2003).

The structure of an LSTM is shown in Figure 2, where the memory cell is
symbolized by the letter C, the forgetting layer by the letter O, the input layer by the
letter E, and the output layer by the letter S (Hernandez et al., 2020).
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Figure 2. Graphical representation of LSTM-type neural networks (Hern&ndez et al.,
2020).

LSTM can be considered a differentiable function approximator, usually trained
with gradient descent (Graves, 2012). Although initially, a truncated form of BPTT
(Backpropagation Through Time) was used to approximate the error gradient
(Hochreiter and Schmidhuber, 1997), in the research, the calculation with BPTT
without truncation was used based on what Graves and Schmidhuber (2005) proposed
in. The LSTM neural network operation uses the notations established in Table 3,
consistent with (Graves, 2012).

Table 3. Notations for the development of the mathematical model.

Memory Block Input Gate Forget Gate Output Gate Memory Cell

Subscript i l @ w c
Input x; at at al, ag, sé
Output Vi bt bt b, b¢ = by, (s8)
Number of Units | N/A N/A N/A c

. . . . . . . . f (in-cell)
Trigger Function  N/A fsigmoide  fsigmoide  f sigmoide (sal-cell)

LSTM system flowchart

The flowchart for training (Figure 3) begins its process by randomly initializing
each neuron with values ranging from —1 to 1. Each training example is taken, and the
output is evaluated against the expected one. Suppose the response delivered does not
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correspond to the desired one. In that case, the algorithm calculates the error between
the output obtained by the system and the expected one, correcting each weight of the
gates (input, output, forget) and the cell through the application of weights and using
tangential and sigmoid functions until finishing with all the training examples, and in
this way approximating the output of the model to the expected one (by decreasing the
error) (Hern&ndez et al., 2020).

Fix LSTM
Is the outpu;as network
Start expected? No weighting
\ I
Initialize the Get output of neural
weights of each network with training
neuron example
Y
Read the trai- ]
ning examples Is it the end of End
the list? Yes

Figure 3. Flowchart for LSTM training.

2.3. Testing protocol

Considering the comprehensive definition of the test scenarios, a detailed
description of the Model testing protocol is provided. Figure 4 depicts this stage
meticulously handles the input and output data.

Traffic —_— — Linda Index
Income — Intelligence-based —» Traffic Prediction
competition
prediction model
Number of Users = artificial — Income Prediction
Prepaid/Postpaid _| —  User Prediction

Modality
Figure 4. Input and output data of the LSTM model LSTM.

The chosen approach is the hold-out method, a versatile technique for training
machine learning models. It involves flexible data division into distinct sets: One for
training and another for validation and testing. This method is adept at assessing the
performance of a machine-learning model with new data.

Below, the division of the hold-out testing method is presented, which can be
worked with 70% for training, 15% for validation, and 15% for testing, or it can also
be worked with 80% for training and 20% for testing. Although mobile operators have
more than 130 data for this case, it could be trained with 90 or 100 data, validated from
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15 to 20 data, and another 15 or 20 data to test the data. A limitation is that recent

operators have less than 30 data (Vardhan et al., 2022; Vardhan et al., 2023).

The cross-validation method also obtains at least ten datasets with different data
for validation and testing according to the randomness of the selection. This method
allows you to verify the model’s performance on a dataset it uses for training and
testing. With this method, you identify the “prediction error” and not the “training
error”.

Cross-validation divides your data into parts. Like split validation, you train on
one part and then test on the other. However, unlike split validation, cross-validation
is not done just once; instead, it takes an iterative approach to ensure that all the data
can be used for testing.

With the technique in mind, for the test scenarios, the following steps must be
taken:

a) Collect current data on the variables of internet traffic, the number of accesses,
and revenue for the postpaid mobile market in Colombia.

b) Clean the available data with the defined variables.

c) Standardize and/or homogenize the variables with which the model is to be
generated.

d) After this, the following steps are followed:

e) The prediction uses Al techniques for traffic, revenue, and users, and the LINDA
index is calculated.

f)  The prediction dataset is prepared with 70% or more of the historical data for
training, 15% or less for testing, and 15% for verifying the prediction levels. At
this stage, the MAPE is calculated, which allows for estimating the efficiency of
each prediction. The objective is for this index to approach zero (Dogan, 2021).

3. Results and discussion

According to the analysis of the variables that affect the competition market and
to establish or predict said competition in the mobile services market, the following
input variables are defined:

e Traffic: The amount of traffic produced by operators each month.

*  Revenue: The amount of revenue reported by operators each month.

*  Users or Subscribers: Number of users operators report each month.
The following are the output data of the model:

*  LINDA indexes according to the database.

*  Prediction using LSTM for traffic over time, revenue over time, and users over
time.

*  Prediction of the LINDA index.

3.1. LINDA index

This indicator is usually used to measure the possible existence of an oligopoly
and the inequality between different market shares. In addition, like the concentration
ratio, it is calculated for several leading companies in the market so that their joint
relative incidence can be calculated for the rest of the participants at that end of the
market (supply or demand).
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Initially, the data corresponding to the analysis variables were obtained, such as
traffic, revenue, and subscribers, corresponding to each of the telecommunications
companies that operated and operated in Colombia from 2012 to September 2022
(inclusive); this information was obtained from the post data database of the
Communications Regulation Commission. Subsequently, the data was organized in
Excel to create a database with the information of interest organized chronologically.
Here, three databases were finally obtained:

a) Traffic from the demand for fixed-charge mobile internet (postpaid).
b) Revenue from fixed-charge mobile internet demand (postpaid).
c) Subscribers from fixed-charge mobile internet demand (postpaid).

Since forecasts of the LINDA index are planned to be made later, it was decided
to calculate this index monthly to obtain more data. The procedure required to
calculate the LINDA index required that for each period (month), the
telecommunications companies be ordered from highest to lowest according to the
variable’s value to be analyzed (traffic, revenue, or subscribers).

Finally, the LINDA index was calculated for each database mentioned above. It
was evident that when some companies had a zero value in the variable of interest, the
LINDA index was indeterminate. If it was very close to zero, it increased
exponentially. Due to the above, it was decided to eliminate the data equal to zero
since the interpretation is that the company did not operate in the said period.
Additionally, it was decided to eliminate all data less than 50,000 in the traffic and
revenue databases; the amount of data eliminated was 36, which gives approximately
a value of less than 0.4% of the total database.

According to the description, Figure 5 presents the LINDA index for the traffic
of fixed-charge mobile Internet demand, Figure 6 presents the LINDA index for the
revenue of fixed-charge mobile Internet demand, and Figure 7 presents the LINDA
index for the number of subscribers of fixed-charge mobile Internet demand.
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Figure 5. LINDA index for postpaid mobile internet demand traffic.
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Figure 6. LINDA index for postpaid mobile internet demand revenues.
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Figure 7. LINDA index for postpaid mobile internet demand subscriber count.

3.2. Prediction using LSTM

This section presents the predictions obtained using the LSTM network to analyze
the results for the first half 2025. The results correspond to the total number of users,
the total revenue, and the total traffic of one of the operators available in the database
(Colombia Telecomunicaciones) for postpaid services. The predictions for the 15
operators need to be presented to avoid duplication and redundancy.

The proposed algorithm’s execution generates the following results: Figure 8
presents the prediction for the number of users, Figure 9 presents the prediction for
total revenue, and Figure 10 presents the prediction for total traffic.

11
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Figure 10. LSTM results for Colombia Telecommunications postpaid traffic.

3.3. LINDA index for prediction

Based on the predictions made, the index for the following year is analyzed using
the current data of the different operators and variables. Figure 11 shows the LINDA
index prediction with the LSTM model. According to the prediction for the following
12 months, the index tends to increase for subscribers, and after an increase, it
decreases for revenue and traffic. It is clarified that as updated data is entered, the
model will generate new predictions based on the new data.

12
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3.4. Discussion

During the calculation of the LINDA index, it was observed that when some
companies recorded a value of zero in the variable of interest, the index was
indeterminate. In addition, this index showed exponential growth when the value was
close to zero. Data with a zero value was removed to address this issue, indicating that
the company was not operational during the corresponding period. Likewise, it was
decided to exclude all data less than 50,000 in the traffic and income databases for
postpaid and prepaid, as well as global modalities. In total, 36 data were eliminated,
representing less than 0.4% of the database.

13
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The splitting of the data for training and prediction allowed the effectiveness of
the models to be assessed. The results showed a low error rate in the traffic and revenue
variables, confirming an appropriate model selection. However, the discrepancy in the
data related to accesses suggests that improvements could be implemented to adapt
the model. This significant divergence points to the need to review and adjust the
approach.

It should be noted that the LINDA index compares the groups formed by the two
companies with the highest values in the variable of interest (traffic, revenue, or
subscribers) with the rest of the companies. In some cases, it is possible to observe a
greater concentration in a group composed of the three or four most dominant
companies in the market.

In the analysis of the predictions for the next 12 months, a divergent trend is
observed in the key indicators. While the number of subscribers shows a continuous
increase, both revenues and traffic show a decrease. This dynamic could be indicative
of market saturation. It is essential to highlight that these predictions are subject to
change as more recent data is introduced into the model, allowing a constant update
of the results and better adapting to market fluctuations.

The analysis of the results reinforces the idea that the market is highly
concentrated and dominated by a small group of critical providers. This concentration
suggests the existence of significant barriers to the entry of new players, which could
limit competition and affect innovation in the sector. In addition, the persistent
dominance of large players raises concerns about the fairness and long-term
sustainability of the telecommunications ecosystem.

The analysis of the results reinforces the idea that the market is highly
concentrated and dominated by a small group of critical providers. This concentration
suggests the existence of significant barriers to the entry of new players, which could
limit competition and affect innovation in the sector.

In this context, regulatory measures and technological advances, such as
implementing 5G networks, are emerging as critical factors in reconfiguring the
market. Regulatory strategies that promote the entry of new competitors and foster
technological innovation could mitigate the risks associated with market
concentration. In addition, developing new offerings and diversifying technologies can
improve competitiveness and transform the sector’s dynamics towards a more
balanced and dynamic environment.

4. Conclusion

This paper presents an Al model based on the LINDA indicator to predict trends
in telecommunication markets, using traffic, revenue, and user count data as input
parameters. The model provides accurate predictions based on LSTM neural networks
and stands out for its excellent performance according to the MAPE levels. These
results indicate that the proposed strategy can be an effective tool for forecasting the
dynamic fluctuations of the communications market.

Several critical aspects of the telecommunications market structure are
highlighted. Adapting the LINDA index and data management has allowed a more
precise interpretation of the behavior of dominant companies. Eliminating data equal
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to zero and those less than 50,000, although minimal in proportion, was crucial to
avoid distortions in the analysis. The effectiveness of the applied model is underscored
by the low error rate in traffic and revenue predictions, although areas for improvement
in access prediction were identified. The 12-month projections reveal potential market
saturation, with an increase in the number of subscribers and a decrease in revenue
and traffic. This, combined with the market’s concentration in a small group of
dominant players, underscores the need for regulatory measures that promote
competition and mitigate the risks associated with such concentration.

The option of deep learning-based strategies, such as LSTM networks, is an
essential tool for anticipating and adapting to the fluctuating dynamics of the
communications market. This insight opens new research opportunities and promotes
the practical implementation of innovative solutions in the future. By combining
advanced predictive capabilities with rapid adaptability, these techniques could
significantly revolutionize how companies and researchers face the challenges of a
constantly evolving market, providing a robust framework for continuous
development and innovation.
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