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Abstract
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In recent years application of machine learning has been used in many businesses and many different use cases. This led
to increased need for machine learning applications. Creating machine learning applications is time consuming and
requires expert knowledge of machine learning and domain expertise. This caused a development of the new research
topic of Automated Machine Learning (AutoML). This research uses real telecom data to check whether the AutoML can
successfully predict customer churn. In addition this research proposes the two-layer architecture of AutoML telco
systems for self repairing/upgrading the model. In this work we propose the excluding the one period of implementation
window, which is enabled by the use of AutoML.
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Data analysis is crucial for companies to get the information they need for decision making, relationship with a customer,
developing products and improving revenue and productivity. Modelling machine learning applications is needed to create
advanced data analysis.
Developing good models from a dataset requires great expert knowledge and effort and much manual work. Those experts
need to have domain expertise, know the process of creating machine learning applications and know how to prepare
datasets. They also have to be familiar with various machine learning algorithms, they have to know how to evaluate
results and how to implement those applications. In this process many different models with different hyperparameters
and different attributes should be compared. That requires a lot of manual work. Also increased need for machine learning
applications led to lack of experts in machine learning. All this caused the development of new research topic of
Automated Machine Learning (AutoML). AutoML helps experts to automate manual repetitive task and spare time for
problem analysis and deployment. AutoML helps novice data scientists and business users to create machine learning
applications without machine learning expert knowledge. One more benefit of AutoML is that AutoML reduces the cost
of the machine learning application.
There are various definitions of AutoML. AutoML is the process of automating the end-to-end process of applying
machine learning to real-world problems [1]. AutoML is the problem of automatically (without human input) producing
test set predictions for a new dataset within a fixed computational budget [2]. AutoML can lead to improved performance
while saving substantial amounts of time and money, as machine learning experts are both hard to find and expensive [3].
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Most AutoML tools and research papers automate the following steps of modelling machine learning applications: data
preparing, model selection, hyper parameter optimization and meta-learning.
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Data preparation is the most time-consuming step that usually takes up 50-70% [4] of the time of data mining projects.
Therefore, it is justified to automate this manual and time-consuming work. This step includes numerous tasks: data
cleaning, data normalization, attribute selection, attribute generation, binning etc. For example, Rapid Miner proposes
that attributes that have correlation, high diversity, high stability and attributes with missing values should be excluded
from future modelling.
Model selection and hyper-parameter optimization is most demanding and the most important part of AutoML. CASH
Combined Algorithm Selection and Hyperparameter Optimization problem have been formulated by Auto-WEKA [5] in
which the choice of a classification algorithm is modeled as a categorical variable, the algorithm hyper-parameters are
modelled as conditional hyper-parameters. This task automatically chooses an algorithm and its hyper-parameters for a
given dataset.
Machine learning tools (such as H20, DataRobot, Rapidiner) enable analysis and interpretation of created models. They
provide model result through confusion matrices, various metrics (Accuracy, precision, recall, AUC, F1 etc.), various
visualization and attribute importance [6]. RapidMiner even provides a model simulator to get a better insight into the
model. This is especially useful for the model built by deep learning algorithm.
Comparing all possible algorithms with all possible parameters would be time-consuming and not practical.
Meta-learning [7] is concept that covers learning based on previous experience in a data-driven way. SmartML [8] is a
meta learning-based framework that extracts its meta-features and searches its knowledge base for the best performing
algorithm to start its optimization process.
In the past couple of years, many AutoML tools have been developed: Auto-WEKA, H20-AutoML, Auto-Sklearn,
Google AutoML, DataRobot, RapidMiner, AzureML, Auto-keras etc. Comparison of many AutoML tools and algorithms
was made in the following scientific papers [6] and [9].
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The key contributions of this paper are:
 Introducing two-layer architecture of AutoML. Two-layer architecture enables the continuous development of
challenger models which can take place of the production model and in such a way repair the production model.
In this way, we propose the more complete automation of machine learning process.
 An experiment that will show that valuable results can be obtained using AutoML and real telecom data.
 Proposing excluding the implementation window from data time frame because the AutoML solution
significantly reduces the time needed for collecting data and developing models.
2. Telecom churn problem
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In the past couple of years, application of machine learning has been used in many businesses (banking, insurance, sales,
production etc.) and many different use cases (predictive maintenance [10], segmentation, fraud detection etc.). Telecom
industries use machine learning for churn prediction, fraud detection and developing products. This paper deals with the
telecom churn prediction of prepaid users and it is a very important issue for telecom companies. Research up to date [11]
has shown that it is five to six times more expensive to bring in a new user than to keep an existing one. It is estimated
that the average customer churn in the telecom industry at 2.2% on a monthly basis [12]. Predicting customer churn opens
up the possibility for telecom to try to retain such customers through retention marketing campaigns and consequently
retain the revenues for the telecom. In this work we use real telecom data from telco operator from Bosnia and
Herzegovina which is a small market with a low total number of customers [13]. Developing churn prediction and
retention strategy can help to deal with the problem of a small market and a low number of customers.
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3. Introducing Two Layer Architecture of Telco Churn AutoML
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Machine learning models that are built cannot last forever because it is natural that the data is changed over time so the
quality of the model fades over time. As far as we know there are no research papers about architectural design that
automates self-repairing the model. In this paper, we propose two-layer architecture that introduces continuous
development of challenger models. Challenger models will continuously be built based on control data and compare with
the production model. If challenger model produces better evaluation result, then challenger model will be chosen to be
the production model.
Lets assume that data is processed on monthly basis on the telco churn prediction problem. Every month production
model generates list of users with high probability of churn. These users are offered retention marketing campaigns. To
develop and evaluate challenger models control data set needs to be separated and excluded from the action of marketing
campaigns. We propose that 10 percent of data is separated as a control data set. Every month, based on control data set
and AutoML challenger models are created. Those models and the production model are evaluated and if the challenger
model is significantly better than production model than that model becomes a production model. Proposed two-layer
architecture of telco AutoML is shown in figure 1.
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Fig. 1. Two-layer architecture

Two-layer architecture should enable further automation and easier machine learning application development.
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4. AutoML for predicting telco customer churn
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In this section we use AutoML for application in the telecom industry to solve the problem with the predicting customer
churn. Input data used in this experiment has 206 attributes including target attribute and 56.612 records. The number of
users indicated as churners is 8.396, which means there are 14.83% of the churners.
We used four months of behavioural customer data and one month of customer churn. We used four months of behavioural
data because we develop trend attributes that help us to develop a more accurate model. Trend attributes have been
calculated as the difference between the period that precedes churn period and an average of three preceding periods.
Usually, there is one period of implementation window [14] and in this work there is no implementation window. Reason
for excluding implementation window is that complete AutoML solution significantly reduces the time needed for
collecting data and developing models. Omitting this period helps to get a more accurate model because we use more
recent behavioural data for predicting churn. Data time frame is shown in figure 2.
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Behavior period window
Churn period
Fig.2. Data time frame
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We used RapidMiner AutoModel to create churn prediction models. RapidMiner is a semi-automated tool that requires
data scientists interaction to develop models. RapidMiner requires that data scientist import data, define the problem that
needs to be solved, select target attributes, select input attributes, define the machine learning model, and analyse the
result. There are also tools that are trying to automate machine learning process like Auto Weka, Hyperopt-Sklearn, AutoSklearn and TPOT [15].
RapidMiner AutoML proposes that 88 of total 205 attributes to be used for developing the model and the rest of them
need to be filtered. We used logistic regression, deep learning and gradient boosted tree to develop a churn prediction
model. Visual comparison of developed modes are shown in figure 3 using ROC curve. The result of AutoML based on
real telco data is presented in tables 1, 2, 3 and 4.
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Fig.3. ROC curve comparison of the developed model

True non churners

Deep learning
Predicted non-churners
Predicted churners
Class recall

12635
1155
91.62%

True
churners
887
1497
62.79%

Class
precision
93.44%
56.45%
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Table 1. Deep learning confusion matrix
True non
churners

Logistic regression
Predicted non-churners
Predicted churners
Class recall

31

13342
429
96.88%

True
churners
1373
1030
42.86%

Class
precision
90.67%
70.60%
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Table 2. Logistic regression confusion matrix
True non
churners
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Gradient Boosted Tree
Predicted non-churners
Predicted churners
Class recall

gP

12848
942
93.17%

922
1462
61.33%

Class
precision
93.30%
60.82%

Table 3. Gradient boosted tree confusion matrix

Model
Deep learning
Logistic regression
Gradient Boosted Tree

kin

True
churners

Accuracy
87.37
88.86
88.48

Precision
56.45
70.63
60.81

Recall
62.81
42.92
61.33

F measure
59.44
53.35
61.05

AUC
0.877
0.858
0.893

Table 4. Comparing measure for developed models
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From the data shown in Table 4. it is clear that the RapidMiner AutoML model measures have high values. This results
provide a positive answer to the question given in the abstract, whether AutoML can successfully predict the user's churn.
In addition, it can be noticed is that there are no major differences in the quality of the developed models. The deep
learning model has the best recall value, slightly better than the recall of the gradient boosted tree. Logistic regression has
the best precision result but recall of logistic regression is notably lower. We can conclude that the gradient boosted tree
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has the highest values of F measure and AUC measure and balanced result precision and recall measure and as such is
the best constructed model.
To verify proposed two-layer architecture, we used control data from the next period 2019-08 and used them to develop
a challenger models. The results showed that the initially developed production model based on the gradient boosted tree
still shows the best results. This is also logical because user behaviour could not change significantly after a one month.
There is a limitation in the verification of the architecture because it is checked over one period of time. Future work
should verify how the specified two-layer architecture behaves over a long period of time.

5. Conclusion
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This paper presents a brief overview of research of Automated Machine Learning which has gained a lot of focus in the
recent years. We also explain the telecom churn prediction issue because it is important for telecom companies to manage
churn. An experiment was made in this work with AutoML and real telecom data which showed that satisfactory results
can be obtained. Furthermore, a comparison of the performances of the three models was made and gradient boosted tree
show best result. We noticed that it is possible to remove one data period using the AutoML for implementation and
therefore it is possible to use more recent behavioural data. That makes it possible to get better modelling result.
The main emphasis of this paper is to propose two-layer architecture of AutoML. Two-layer architecture introduce the
continuous development of challenger models which can take place of the production model and in that way repair the
production model. Continuous development of challengers models enables automation of machine learning application
maintenance in the production environment. Further research should verify how the specified two-layer architecture
behaves over a long period of time.
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