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Behavioral features of telecom broadband access points with big data
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Abstract: Due to the further spread of the broadband, the network of broadband access points
becomes quite complicated. It becomes a serious problem that how to define and analyze the behavioral
features of large amount of access points. The features of access points are studied based on the log
records of users’ Internet account. Several useful features are defined and calculated, and then machine
learning is introduced to classify the broadband access points. The verification of experimental results
shows that it can be identified whether a broadband access point falls into residential category or
non-residential category and its behavioral features can be described accurately and efficiently.
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Tablel Log-in dataset

parameter

value

shopping site
instant message
social network
phone number

accounts

about 10 million
about 10 million
about 1 million
about 1 million

device win7, 10S,
android, etc.

about ten million

latitude/longitude

hour
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Figl Type distribution of all broadband access points
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Fig.2 Type distribution of active broadband access points
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Fig.6 Fraction distribution of account number during one month
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Table2 Performance of different algorithms(residential) Table3 Performance of different algorithms(non-residential)
algorithm precision recall F1-Score algorithm precision recall F1-Score

logistic regression 0.92 0.97 0.94 logistic regression 0.79 0.58 0.67

support vector machine 0.97 0.91 0.94 support vector machine 0.66 0.88 0.75

random forest 0.95 0.95 0.95 random forest 0.78 0.78 0.78
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Table4 Influences of every feature on classification
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