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Abstract 
 

Nowadays telecommunication operators need to create automatic techniques to know 
the large and complex amount of data generated during their daily operations, such 
operations mainly include: billing, services accounting, traffic measurements among others. 
This paper shows the use of the Bayesian Model to make inferences on the behavior of a 
telecommunication network using a large database of Calling Detailed Record (CDR) which 
are used to billing proposal for voice service, but on these records are stored important 
information about many events that frequently occur on the telephony network.  
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1. Proposed approach 
 

Knowledge Discovery in Database 
(KDD) has a step of selection and data 
preparation that corresponds to at least 
70% of the time wasted in Decision 
Support Systems (DSS) [6]. To decrease 
this time and allow an effective and 
intelligent assistance to select and to 
prepare the data, the Data Mining 
Techniques can be incorporated on this 
step of the KDD Process [3]. 
 

The focus of this case study is to 
use the Data Mining Method to gain 
knowledge from the inferences and 
predictions obtained, as well as to provide 
reliable conditions to help the user to 
choose the best way to make a decision [4]. 
 

The data sources used in this paper, 
the case study included, were cellular 
network calls registered in toll tickets 
named Call Detailed Records (CDR). 
 



  
2. Cellular Network Calls 
 

Each call made by subscribers has 
an equivalent register known as CDR (Call 
Detailed Record). For the voice service, 
some minimum data always must be stored 
[7]: 
 

• Calling Subscriber Number – A 
Number; 

• Called Subscriber Number – B 
Number; 

• Incoming Route; 
• Outgoing Route; 
• Starting Call Time; 
• Starting Call Date; 
• Conversation Duration Time; 
• Subscriber A Category; 
• Subscriber B Category and  
• End of Selection. 
 
 In this paper, all types of calls were 

stored among successful calls and 
unsuccessful calls (Table 1). 
 
 

Table 1: Call Classification 
according to the event. 

Call Type Description 
Answered Call Successful 

Call Dropped Call (after be 
answered) 
Subscriber does not 
answer 
Subscriber’s line is 
Busy 
Subscriber’s phone 
powered off or out of 
reach 
Congested line 
Equipment Fault 
Disconnection 

Unsuccessful 
Call 

Others (not included 
previously) 

 
 

3. Changes on the Data Base for 
Training  
 

Five attributes have been selected 
from the voice database to be processed 
through Data Mining Techniques (Table 
2). 
 
 
Table 2: Attributes chosen from the 

voice database. 
Attributes Description 

Ok: Completed Call  Status Call 
Nok: Not Completed Call 
Normal: Normal Call Call Type 
Collect: Collect Call 
Null: 0 (zero) 
Very_Short: 1 to 10 
seconds 
Short: 10 to 60 seconds 
Normal: 60 to 80 seconds 
Long: 80 to 300 seconds 

Call 
Duration 

Very_Long: >300 
Seconds 
MM: Mobile to Mobile 
Call Record 

Type 
ML: Mobile to Land Call 
Pre-paid: Pre-paid 
Number 
Pos-paid: Pos-paid 
Number 

CodA and 
CodB 

Land: Land Number 
 
 
4. An overview on the Bayesian 
Networks 
 

The Bayesian Networks are used to 
model some situation that has a known 
cause (medical diagnosis, for example), 
but the understanding of what is happening 
is incomplete. 
 

The Bayesian Networks are 
considered to be statistic classifiers, which 
encode the probabilistic relationship 
between the variable that represent a 
specified domain. Those networks are 



  
calculated from conditional probability 
formulas and the joint conditional 
probability from Bayes Theorem (1). 
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The Bayesian Network 

representation is a graph composed by 
many nodes, where each network node 
represents a random variable, which are 
the database attributes. Arrows linking the 
network nodes indicate the dependence 
level of the attributes, which are specified 
by the direction of arrows and represent a 
probability table.  

From the observation of the 
dependence among the random variables 
(the network nodes), along with some a 
priori data, an a posteriori probability to 
any random variable can be efficiently 
calculated (through the called Bayesian 
Inference) using a recursive definition of 
the Bayes Theorem. Those probabilistic 
relationships among variables are 
classified as Single Evidence, Multiple 
Evidence and Multiple Layer (Figure 1). 
 

However, during implementation of 
Bayesian Networks, judgment and analysis 
of probabilistic nodes performed by 
specialists have shown consistency [1].  

 
 

 
 

                              (a)                            (b)                                             (c) 
 
 P(H) – Hypothesis Probability 
 P(Ei) – Evidence Probability 
 

Figure 1.  Basic structure of a Bayesian Network. (a) Single Evidence, (b) Multiple 
Evidences and (c) Multiple Layers. 

 
 

5. Results: Traffic Profile and 
Performance Identification in 
Cellular Telephony using Bayesian 
Network 
 

The Bayesian Network has been 
created corresponding to a real system 
based on the collected data. Joint 
probability tables for each node indicate 
dependencies, which are calculated either 

from the attributes or from possible values 
of each variable and their respective 
probabilities. 
 

Once mounted, the network 
representing the system and the database, 
inferences are carried out in order to verify 
the network behavior and the results 
achieved. 
 



  
Figure 2 represents a network 

showing the nodes (selected attributes) and 
the relationships (arrows) among nodes of 
the call database submitted.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2: Bayesian Network created to 
CDR Data Base. 

 
 

Table 3 shows some a priori 
descriptive statistics based on the database 
submitted (Evidences Probabilities). 
 
 
Table 3: A priori descriptive statistics on 

the database studied. 
Data Base 

Fields A Priori Results 

Call Type 
 

Call 
Duration 

 

Status Call 
 

Record 
Type  

 
Table 4 shows some a posteriori 

results calculated using Bayesian Inferences 
obtained from the a priori results shown 
previously (Hypothesis Probabilities). 

 
 
Table 4: A posteriori descriptive statistics 

on the database studied. 

Hypothesis A posteriori Results 

Any Origin 
(Pos and 
Pre-Paid) 

and 
Answered 

Calls 

Originated Call 
Distribution 

 

Call Type Distribution 

 

34% of the calls are pre-
paid and 64% are pos-paid 
Originating. Most of them 
(85%) are Normal Calls 
while 15% are Collect Calls.

 

Pos-paid 
Origin and 
Answered 

Calls 

Call Type Distribuition 

 

This result shows that from 
all Calls made from Pos-
paid, only 1% are Collect 
Call. 

Pre-paid 
Origin and 
Answered 

Calls 

Call Type Distribuition 

 

 

This result shows that 41% 
of the calls made from pre-
paid are Collect Calls. 
Diferently of pos-paid 
behavior (preview item)  

As was shown, the approach using 
Bayesian Networks has distinguishing 
attributes and methods, which in turn 



  
provide distinctive about a system. This 
approach is particularly suitable because of 
its usefulness and flexibility to perform the 
analysis, conserving the integrity and the 
performance of the data and the results 
obtained [5]. 
 

The steps for a suitable preparation 
of the database were critical to a coherent 
analysis of the results presented here. Thus, 
in a quicker a clearer manner, the analyst 
can make inferences on the behavior of the 
parameters from different hypothesis 
artificially generated, allowing the isolation 
of problems and faults not significant to 
solve the problem under discussion [2]. 
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