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Abstract

The data handled by telecommunications companies nowadays is massive and of increasing

complexity. Traditionally, network incidence management has been done in a reactive way,

however this approach falls short when dealing with such large data load. For this purpose, a

predictive procedure is needed. This work focuses on developing a predictive classification model

for the duration of network incidence management. This process is currently being performed

by telecommunication experts at Ericsson. This project deals with network incidences, called

Customer Service Request (CSR) at Network Managed Services Delivery (NMSD) Support and

Repair organization. The scope is narrowed only for the Customer Unit (CU) Iberia composed of

Spain and Portugal. The predictive model will work on forecasting a classification of time ranges,

for the time without answer of a CSRs. This is an internal Key Performance Indicator (KPI)

known as Backlog. Being able to foresee this value, will allow to perform a pre-emptive network

maintenance by automatically and statistically detecting early anomalies. Thus, optimizing

resource allocation and budget planning by driving internal actions. Moreover, this prediction

is useful information to provide to the customer. In this way the client will know approximately

how long it will take until the incidence is solved. Providing the client with this knowledge will

increase customer satisfaction and the quality of the service. The prediction of Backlog affects

other KPIs such as Turn-Around-Time (TaT). TaT measures the total time since the CSR was

opened until a Formal Answer(RST) is delivered. Backlog and TaT are KPIs closely monitored

by Support and Repair organization to ensure CSR response time. Making predictions about

them will allow to fulfill the high market expectations and remain competitive.

Erika Meyer Kvalem Soto Msc. Big Data and Visual Analytics
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