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Abstract

The present thesis explores whether the user-generated content (UGC) can be used as
customer co-creation in the product design and innovation. Social media offers an innovative
approach for users to enhance their value and capability by interacting with businesses and
others. Earlier research has explained the role of UGC as a type of customer-to-customer
communication that enhances product promotion. Integrating social media with customer co-
creation provides an efficient platform of user engagement for new product development with
a natural extension of the co-creation process. As this area of research is relatively new, the

extant literature on UGC as customer co-creation is limited.

A combination of various text mining, sentiment analysis, and network analysis
techniques is adopted to examine the datasets to gain insights into users’ social media
activities, influence, and sentiments. These methods are effective in identifying influential
online users, and in understanding users’ sentiments about specific product’s aspects to
discover potential issues or problems. RStudio and NodeXL are the analytical tools used for

extracting, analyzing, and visualizing the data in this research.

Findings highlight how users actually relate and view their experiences with the new
product and how impressions are constantly evolving. Ideation explores users’ preferences in
characterizing various product-related aspects about the same product brand and discussion
of earlier existing products. Sentiment analysis highlights the collective emotional state of
existing and potential users. It has been observed that ‘anger’ and ‘anticipation’ are two
primary emotions users experience during pre-launch duration of the new product. With
proper user engagement based on accurate sentiments, a new product can be converted into a
successful product. This research suggests that users’ emotions should be monitored to make
the product more engaged. Community and influencer analysis obliges businesses (especially
product manufacturers) to extend their information capabilities by improving the quality and
timeliness for influence and attention. Influencer contents can serve as customer touch-points

for commutative information.

This research provides an effective approach for identifying product-related aspects
with links for both businesses and individual users. It provides communication quality for
customer co-creation using information of user activities. For an in-depth understanding of
product performance, a systematic approach can be developed in future work to characterize

various product-related variables for a predictive optimization model for social network size.
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Kullback-Leibler

Latent Aspect Rating Analysis
Latent Dirichlet Allocation

Natural Language Processing,

New Product Development
Optimal Distinctiveness Theory
Pointwise Mutual Information-Information Retrieval
Reviews and Rating

Social Media

Social Media Analytics
Sport-Utility Vehicle

Support Vector Machine

Theory of Planned Behaviour

User-Generated Content

Uniform Resource Locator
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