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Providing stable and high-quality service is a critical issue for mobile network service providers. However, due
to an unexpectedly huge amount of data traffic exceeding network capacity of a provider, a mobile network service
experiences severe failures such as network troubles, performance deterioration, and slow throughput. Then, the
service users often detect service outages before the service provider detects them. They can immediately publish
their impressions on the service through social media and search for failure information on the web. In this
paper, we propose a machine learning approach that incorporates multiple user behavior data into detecting and
forecasting failure events. The approach is based on novel feature extraction methods and a model ensemble method
that combines outputs of supervised and unsupervised learning models from multiple user behavior datasets. We
demonstrate the effectiveness of the approach by extensive experiments with real-world failure events.
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3: AUC ED τ = 60
ID:5 ID:6 ID:7 ID:8 ID:9 All

ED EP ED EP ED EP ED EP ED EP ED EP

T

LR 0.92 0.94 0.82 0.60 0.62 0.74 0.99 0.76 1.00 0.82 0.87±0.16 0.77±0.12

ADA 0.78 0.63 0.02 0.35 0.42 0.45 0.49 0.58 1.00 0.51 0.54±0.37 0.50±0.11

RF 0.83 0.79 0.72 0.76 0.95 0.96 0.99 0.83 1.00 0.83 0.90±0.12 0.83±0.08

NN 0.79 0.65 0.18 0.34 0.29 0.27 0.86 0.58 0.99 0.47 0.62±0.36 0.46±0.16

OCS 0.88 0.69 0.72 0.56 0.50 0.50 0.50 0.56 1.00 0.70 0.72±0.22 0.60±0.09

AE 0.94 0.82 0.86 0.73 0.93 0.90 0.90 0.70 1.00 0.73 0.93±0.05 0.78±0.08

W

LR 0.78 0.90 0.76 0.86 0.99 0.99 1.00 0.99 0.98 0.75 0.90±0.12 0.90±0.10

ADA 0.62 0.80 0.86 0.70 0.82 0.89 0.82 0.93 0.94 0.80 0.81±0.12 0.82±0.09

RF 0.94 0.97 0.82 0.75 0.68 0.73 0.93 0.95 1.00 0.71 0.87±0.13 0.82±0.13

NN 0.57 0.82 0.51 0.71 0.88 0.89 0.98 0.97 0.99 0.75 0.79±0.23 0.83±0.11

OCS 0.60 0.50 0.40 0.68 0.79 0.78 0.04 0.51 0.82 0.52 0.53±0.32 0.60±0.13
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ADA 0.26 0.33 0.16 0.56 0.61 0.62 0.45 0.53 0.27 0.50 0.35±0.18 0.51±0.11

RF 0.73 0.55 0.87 0.70 0.62 0.52 0.36 0.64 0.42 0.48 0.60±0.21 0.58±0.09

NN 0.25 0.32 0.20 0.51 0.30 0.47 0.54 0.52 0.50 0.52 0.36±0.15 0.47±0.09

OCS 0.77 0.68 0.70 0.56 0.66 0.60 0.47 0.57 0.88 0.58 0.70±0.15 0.60±0.05

AE 0.78 0.67 0.85 0.62 0.50 0.62 0.37 0.66 0.71 0.57 0.64±0.20 0.63±0.04
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T 0.94±0.09 0.87±0.08 - -

W 0.90±0.13 0.88±0.11 - -

Q 0.62±0.16 0.60±0.08 - -

(T ,W) 0.95±0.10 0.90±0.09 0.88±0.15 0.88±0.09

(T ,Q) 0.94±0.08 0.87±0.08 0.88±0.13 0.73±0.13

(W,Q) 0.90±0.13 0.88±0.11 0.90±0.13 0.89±0.10

(T ,W,Q) 0.94±0.09 0.91±0.09 0.88±0.14 0.88±0.10

5: τ FC
τ = 10 τ = 30 τ = 50

ME(T ,W) 0.81±0.27 0.78±0.21 0.69±0.18

ME(T ) 0.72±0.35 0.71±0.34 0.72±0.20

ME(W) 0.76±0.25 0.77±0.17 0.77±0.09

DE(T ,W) 0.72±0.35 0.66±0.26 0.69±0.08

LR(T ) 0.79±0.27 0.60±0.29 0.48±0.23

LR(W) 0.70±0.25 0.71±0.25 0.73±0.20
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