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I. INTRODUCTION  

Mobile Call Data Record (MCDR) is rich and mostly 

possesses its own complexity that needs massive analysis and 

certain level of intelligence in computation.  The effect of 

genetic factors to databases is considered never ending story 

and always need further research.  Among the most waited 

results would be the cause and effect of genetic factors to the 

users call data. Normally the study is conducted in different 

factors and currently, it is gaining a lot of attention by many 

researchers.  Due to the importance of accessing and efficient 

method to process the users call data through experiment 

should be dome to develop good algorithms in processing the 

high dimensional data set in data centres. Due to the slow 

nature of the data collection where the mobile device is able to 

collect information without any interactions with the user the 

information could potentially provide us insights of user’s 

day-to-day routines.  The goal of this paper is to utilize the 

data collected from the mobile phone and survey answers 

gathered from the users to infer individual’s levels of 

socialization, mental focus capacity and physical activity level 

and utilize effective data visualization to present the data.  

This paper aims to explore the relationships between different 

hints and inspection responses from the participants. 

Therefore, the aim of this paper is to express a method for 

specifying the period of holding the users data in data centres. 

The accessing rate and the probability of processing a record 

in  network throughput and the number of requests that can be 

processed per unit time shall be the metrics for evaluating the 

performance of methods under consideration. 

II. RELATED WORK 

Utilizing a large data set that is collected over a long duration 

of time for learning about participants behaviors of call data to 

the network to build and it needs more memory for storing the 

data items and existing system use the formulas to calculate 

the maximal weight of each transaction. Collecting such data 

is not only costly but also required enormous amount of effort 

and time.  Moreover, it is also hard to retain a large number of 

research participants over a long period of time when the data 

collection requires researchers to seek information from the 

participants actively. As the result, the throughput of data 

samples in research that utilize this kind of practice is often 

very low.  However, given the recent advancement of the 

mobile phone technology, mobile phones are always 

continuously collecting information from the users and this 

requires no active interaction with the users for their input of 

the information. Furthermore, we are able to leverage on 

mobile phone’s iniquitousness to obtain data that has very 

high sampling rate. 
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Abstract: 
           With the quick development of knowledge in Mobile Communication the difficult issue for providing services to their users. Frequent 

Pattern mining are often utilized in the sector of mobile communications for mining of cluster patterns from mobile user movement 

information, for client behavior prediction, for predicting future location of a mobile user for location primarily based services and for 

mining patterns helpful for mobile commerce. improvisation data processing technology, some helpful information are often discovered from 

network traffic information and invasive behavior and traditional behavior are often established then the abnormal acts are going to be 

detected from the time period information. In mobile databases, to handle voluminous quantity of user’s records and notice the amount of 

frequent patterns mixtures and hidden data. The information goes up exponentially and needs simulated machine time. The most important 

downside is that to access the user’s record and to filter the foremost important frequent item sets and to accelerate the process and scale 

back error rate in classification result. With this regards it's attainable to maximize the out turn and minimize the service time for the user. To 

scale back the load on network traffic within the information data centres. 
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OBJECTIVES 

 

The Main objectives of this paper is :  

� To formulate a method specifying the period of 

holding the users data in high network traffic data 

centres. 

�  To improve the probability of processing a record, 

network throughput and the number of requests that 

can be processed per unit time.  

�  To improve the poor performance in detecting 

attacks in high network traffic. 

� It is required to maximize the throughput and 

minimize the processing time in the data centres for 

mobile communications. 

� The proposed system will exists its robustness and 

scalability in high network data centres. 

 

METHODOLOGY 

The Methodology carried out in my work comprises of the 

following steps: 

 
                Fig 1.1 Process Analysis of CRD Dataset 

III. MOBILE CALL DATA RECORD SYSTEM 

The primary aim of mobile phone data collection system in 

network analysis is to observe group interactions, but not 

every phone call is made with the same group purpose. A 

Mobile Call Data Record (MCDR) is a collection of 

information for each call that is processed by the mobile 

service provider.  In the table 1.1 the mobile calls might be 

for business drives, some might be accidental calls, some 

nodes may be call centers that call a large number of people, 

and all such interactions are present in MCDRs. In short, 

Mobile CDRs are noisy datasets. It is sometimes useful to 

represent a mobile call network by an undirected network, 

arguing that communication during a single phone call goes 

both ways, and set the weight of the link as the sum of the 

weights from both directions.  

 

The Mobile Call Data Record is produced form the usage 

pattern defined in the profile of the mobile user. The mobile 

CDRs dataset is as follows: 

 

Variables Description 

cust_from 
The unique mobile number of the 

customer to whom should call 

cust_to_other 
The unique mobile number of the 

customer to whom should receive 

 direction to identify the type of the call 

 duration duration of calls in seconds 

 call_date 
The date in the format dd/mm/yyyy 

from the beginning of the call. 

 call_time 
The date in the format hh::mm::ss from 

the beginning of the call 

Table 1.1 Mobile Call Data Record Variables 

 

 IV. SURVEY DATA 

In this experiment, the mobile call data was analyzed on a 

regular base on their mobile phone. The surveys would be sent 

out to databases at random time. The survey response rates can 

vary for each mode and are affected by the accepts of the 

survey design (cust_from, cust_to,direction,duration,date and 

time).  In the recent years most of the surveys have been faced 

with the declining response rates. The survey for mobile data 

call record for table 1.1 bias with SPSS is as 

 

 

Fig 1.2 Mobile CRDs dataset 

Implementation of Mobile Call Data Analysis in SPSS 

 Data View 
The Data View is a Spreadsheet which holds rows and 

columns, The Data Can be entered in the Data View Sheet 

Either Manually or the data can be imported from the data file, 

SPSS can read the data file in any of the one format, which 

can be Excel, Plain text files or relational (SQL) Databases, 

Before importing the excel sheet change the excel file format 

to (.xls). 

     

 In SPSS (The Statistical Package for the Social Sciences) 

software has been developed by IBM and it is widely used to 

analyses data and makes forecasts based on specific gatherings 

of data. The inferences of the results are fairly obvious and are 

statistically valid. Using the software, one can conduct a series 

of revisions quickly and effectively.  The Mobile CDRs are 

analyzed in frequency table.  The frequency analysis is a 

descriptive statistical method that shows the number of 

incidences of each response chosen by the respondents. When 
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using frequency analysis, SPSS Statistics can also calculate 

the mean, median and mode to help users analyze the results 

and draw conclusions.  The analysis of mobile call record data 

for 3000 records is evaluated. The part of the data we 

collected is shown below: 

 

 

Fig 1.3 Mobile CRDs dataset in data view 

 

(a) Frequencies 
The Frequencies procedure can produce summary measures 
for categorical variables in the form of frequency tables, bar 
charts, or pie charts. 
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Valid 

1 3165 24.3 24.3 24.3 

2 8040 61.7 61.7 86.0 

3 1824 14.0 14.0 100.0 

Total 13029 100.0 100.0  

Table 1.2 Frequency table w.r.t. direction 
 

 

Fig 1.4 Frequencies for No. of calls and direction 

(b) Crosstabs 
Call observing and record applications used by mobile 

communications generates extremely large amount of call 

detail records (CDRs) in real-time, and companies constantly 

need to control from this data to boost throughput. The volume 

of the calls and data taken by the call observing applications 

are so large that it impossible to manually analyze and 

conclude the behavior of the network.  By using the crosstab 

the aggregate values are used to extract the relationship 

between different variables of catergorical data. The table 1.3  

shows the proportion of cases in subgroups for direction of 

mobile calls data record in the data centres. Crosstabs are 

widely used in quantitative analysis in market research and 

surveys. The crosstabs are used to identify the new trends. 

Further, they help to identify the type of response of a 

particular category of users. This often helps us in 

understanding the effects and action that will have on a 

category of our target segment. By using the crosstab 

construction and analysis of mobile CDR data is usually dome 

through statistical packages in SPSS. While SPSS provides the 

flexibility of choosing whichever variable you want on which 

axis, it allows only different categories in the column variable 

without the problem of wrapping the data. However there is no 

limit on the number of categories for the dependent variable. 

In SPSS allows calculating a display the percentages for all 

the variables. 

 

Input 

Active Dataset Mobile CDR 

Filter <none> 

Weight <none> 

Split File <none> 

N of Rows in Working 

Data File 
13029 

Missing 

Value 
Handling 

Definition of Missing User-defined missing values 

are treated as missing. 

Cases Used Statistics for each table are 

based on all the cases with 

valid data in the specified 

range(s) for all variables in 
each table. 

Syntax 

CROSSTABS 

  /TABLES=Date BY direction 
  /FORMAT=AVALUE 

TABLES 

  /CELLS=COUNT COLUMN 

  /COUNT ROUND CELL. 

Resources 

Processor Time 00:00:00.094 

Elapsed Time 00:00:00.028 

Dimensions 

Requested 
2 

Cells Available 174762 

Table 1.3 Cross tabulation for date and direction 

Analysis: By performing Crosstabs through SPSS, derived 

missing value handling statistics for each value are based on 

all the cases with valid data in the specified range(s) for all the 

variables in the table. So we conclude that Mobile CDRs data 

satisfaction is dependent of the users call data per day. 
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In the above table 1.3 shows the Crosstabs that contains a cell 

for every arrangement of categories in the two variables. 

 

� Inside each cell is the number of cases that fit that 

particular arrangement of responses. 

� SPSS can also report the row, column, and total 

percentages for each cell of the table. 

Because Crosstabs creates a row for each value in one variable 

and a column for each value in the other, the procedure 

is not suitable for continuous variables that assume many 

values. Crosstabs is designed for discrete variables--usually 

those measured on nominal or ordinal scales.   To evaluate the 

robustness of the classifier, the normal methodology is to 

perform cross tabulation on the classifier. For the present 

study dataset is divided into the trained set. The syntax of 

cross tabulation for the dataset is given below: 
 

CROSSTABS/TABLES=Date BY direction, 

                            FORMAT=AVALUE TABLES 

                           CELLS=COUNT COLUMN 
                           COUNT ROUND CELL. 

Date * direction Crosstabulation 

   Direction 
Total 

   1 2 3 

Date 

1 
Count 99 344 63 506 

% within direction 3.1% 4.3% 3.5% 3.9% 

2 
Count 78 193 69 340 

% within direction 2.5% 2.4% 3.8% 2.6% 

3 
Count 87 230 44 361 

% within direction 2.7% 2.9% 2.4% 2.8% 

4 
Count 76 200 43 319 

% within direction 2.4% 2.5% 2.4% 2.4% 

5 
Count 78 207 48 333 

% within direction 2.5% 2.6% 2.6% 2.6% 

6 
Count 102 238 51 391 

% within direction 3.2% 3.0% 2.8% 3.0% 

7 
Count 44 174 35 253 

% within direction 1.4% 2.2% 1.9% 1.9% 

8 
Count 88 164 32 284 

% within direction 2.8% 2.0% 1.8% 2.2% 

9 
Count 88 280 69 437 

% within direction 2.8% 3.5% 3.8% 3.4% 

10 
Count 126 304 63 493 

% within direction 4.0% 3.8% 3.5% 3.8% 

11 
Count 129 396 97 622 

% within direction 4.1% 4.9% 5.3% 4.8% 

12 
Count 92 294 51 437 

% within direction 2.9% 3.7% 2.8% 3.4% 

13 Count 114 254 72 440 

% within direction 3.6% 3.2% 3.9% 3.4% 

14 
Count 141 340 38 519 

% within direction 4.5% 4.2% 2.1% 4.0% 

15 
Count 105 244 41 390 

% within direction 3.3% 3.0% 2.2% 3.0% 

16 
Count 98 221 58 377 

% within direction 3.1% 2.7% 3.2% 2.9% 

17 
Count 141 340 84 565 

% within direction 4.5% 4.2% 4.6% 4.3% 

18 
Count 137 337 114 588 

% within direction 4.3% 4.2% 6.2% 4.5% 

19 
Count 92 229 62 383 

% within direction 2.9% 2.8% 3.4% 2.9% 

20 
Count 113 246 56 415 

% within direction 3.6% 3.1% 3.1% 3.2% 

21 
Count 93 197 52 342 

% within direction 2.9% 2.5% 2.9% 2.6% 

22 
Count 98 185 70 353 

% within direction 3.1% 2.3% 3.8% 2.7% 

23 
Count 126 239 64 429 

% within direction 4.0% 3.0% 3.5% 3.3% 

24 
Count 144 314 53 511 

% within direction 4.5% 3.9% 2.9% 3.9% 

25 
Count 94 263 72 429 

% within direction 3.0% 3.3% 3.9% 3.3% 

26 
Count 109 331 74 514 

% within direction 3.4% 4.1% 4.1% 3.9% 

27 
Count 85 276 56 417 

% within direction 2.7% 3.4% 3.1% 3.2% 

28 
Count 79 211 50 340 

% within direction 2.5% 2.6% 2.7% 2.6% 

29 
Count 156 322 60 538 

% within direction 4.9% 4.0% 3.3% 4.1% 

30 
Count 92 263 47 402 

% within direction 2.9% 3.3% 2.6% 3.1% 

31 
Count 61 204 36 301 

% within direction 1.9% 2.5% 2.0% 2.3% 

Total 
Count 3165 8040 1824 13029 

% within direction 100.0% 100.0% 100.0% 100.0% 

Table 1.4 Cross tabulation for a month with the count% within 
the direction per day-wise results  

V. CONCLUSIONS 

 

This investigation is used to understand the components which 

are affecting the subscriber intention for switching service 

provider in India. The continuous work and research has done 

by facility providers and researchers for providing precise and 
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efficient information. The need is to handle the received data 

carefully so that the users could get relevant and exact 

information. There is an almost no exploration accessible to 

research for the components affecting versatile client's 

expectation for exchanging between specialist organizations in 

India. The level of accomplishment of goals is referred to as 

viability and the same should be proficient using insignificant 

assets. The discoveries of this investigation add to a larger 

comprehension of the connection between course of the calls 

and date of rate with call information  
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