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Since digital technology has had a significant impact on the fashion industry, digital fashion has become a hot topic in today’s society. Currently, research on digital fashion is focused on the transformation of enterprise marketing strategies and the discussion of digital technology. Despite this, the current study does not include an analysis of the audience’s emotional and cognitive responses to digital fashion on social networking platforms. A comprehensive analysis and discussion of 52,891 posts about digital fashion and virtual fashion published on social networking sites was conducted using k-means clustering analysis, Latent Dirichlet Allocation (LDA) topic modeling, and sentiment analysis in this study. The study examines the public’s perception and hot topics about digital fashion, as well as the industry’s development situation and trends. According to the findings, both positive and neutral emotions accompany the public’s attitude toward digital fashion. There is a wide range of topics covered in the discussion. Innovations in digital technology have impacted the creation of jobs, talent demand, marketing strategies, profit forms, and industrial chain innovation of fashion-related businesses. Researchers in related fields will find this study useful not only as a reference for research methods and directions, but also as a source of references for research methodology. A case study and data reference will also be provided to industry practitioners.

KEYWORDS
digital fashion, NFT, sentiment analysis, (LDA) topic modeling, virtual fashion, public perceptions, digital fashion trends


Introduction

Fashion is experiencing an accelerated digital transformation post-epidemic (LYSTinsight., 2021). Brands and designers appear to be undertaking some digital transformation between spring/summer 2020 and 2022, primarily by introducing cross-border games, 3D fashion, virtual models, online fashion weeks, etc. (Ramadan and Nsouli, 2022). Digital transformation has affected all aspects of fashion. For example, it has contributed to a shift in fashion communication and marketing models, with most companies and brands adapting their businesses through this industry-specific approach (Noris et al., 2021). It has also affected culture and society, influencing education and changes in design approaches and forms of artistic creation (Ryan, 2020; Zhao et al., 2021).

When there is the introduction of industry shifts or new products, fashion companies, brands and designers usually assess the impact of brand and market trends through the review of consumers’ feedback, desires and concerns (Bozhuk et al., 2019). This view conforms to Dhaoui’s (2014) research conducted earlier. According to the research, consumers’ feedback, opinions and comments are so important resources that they can provide a brand or enterprise with assistance in their response to the market quickly, prediction of the market potential or development direction on such basis, and then make timely adjustments to marketing strategies and the design of strategies (2014). However, previous studies on consumer feedback or sentiment have traditionally collected or analyzed data within enterprises using certain survey methods, such as focus groups or observation (Kendall, 2014). However, significant limitations are also available in this method, such as issues about skewed results due to the small sample size that cannot be employed in a comprehensive analysis.

Accelerated by the advancement in science and technology, social networks have changed people’s lives to a significant extent. Online social networks (hereinafter referred to as “social networks”) have four characteristics, namely, swiftness, communication, equality and self-organization (Borgatti et al., 2018). It is due to these characteristics that social networks have been employed by billions of users in just a few decades since the advent of the Internet, and have imposed its great impact on every field of our society. Moreover, social networks have also been described as the best platform for the exploration of the world (Ribeiro-Navarrete et al., 2021). The discussion of a particular topic or event usually promotes the formation of a specific virtual community in a social network and the generation of discussion and text data in a large amount. Named as user-generated content of social network, these data are namely user-generated content (Saura et al., 2022). Krumm et al. (2008) held the view that user-generated content on social networks can be applied to the identification of the public’s cognition of an event, phenomenon, topic, etc., so as to discuss the development status and create new content or knowledge on such basis (2008). This view is also confirmed by the relevant research conducted by Krippendorff (2018) and Eger et al. (2021). Krippendorff (2018) proposes the statement that understanding individual feedback and collective cognition in the community can offer strong support to information retrieval, information recommendation, information dissemination control and public event control (2018). It is critical to understand the characteristics of interaction and relationship which influence page visitors’ quick response to their target customers and prospects (Eger et al., 2021).

Based on the research mentioned above, this paper collects the popular user-generated content for digital fashion and virtual fashion, followed by the deduction of the development status shown by digital fashion, radiation field and future development trend.

This study designed several research questions to achieve the research goal as follows.


RO1: the widely used parts in the fashion field;

RO2: The impact of digital transformation and technology development on the fashion industry or society;

RO3: The views and attitudes toward digital fashion held by the public.



In terms of research methodology, we have assembled some computer algorithms to do data collection and analysis, including social network analysis (Valeri and Baggio, 2021) sentiment analysis (Arora et al., 2021) and subject analysis (Garcia and Berton, 2021). In text mining, topic modeling is one of the most powerful techniques used for data mining, discovering potential data sources, and determining the relationship between data and text. Latent Dirichlet Allocation (LDA) is one of the most widely used methods for topic modeling (Jelodar et al., 2019).

This study will analyze the content of relevant posts on Twitter, collect data using Python technology, and analyze relevant content using three text-based big data analysis methods, including topic modeling, sentiment analysis, and semantic network construction, in order to uncover deep feelings within the content. To achieve these objectives, our research consists of three steps:


(1)High-frequency keywords are identified using topic modeling and K-means clustering analysis;

(2)An analysis of sentiment is used to determine the emotional cognition and psychological characteristics of the public;

(3)Using co-occurrence matrixes and LDA topic modeling, network semantics are constructed, and key topics of social network content are identified.



In section “Literature review,” this paper reviews relevant literature. Section “Research methodology” focuses on the description of the methods. Results are displayed in Section “Results and analysis.” Section “Discussions” offers the results and discussions of open-ended innovation and a roadmap for future research. Finally, section “Conclusion” proposes conclusions, theoretical and practical implications, and the limitations at present.

The innovation of this research lies in the application of the technology related to data mining in the emerging topic of “digital fashion.” As an emerging field, there are few studies on the topic and it is even rare to see user-centered research. This study attaches importance to digital fashion and investigate users attitudes and emotional cognition toward emerging art styles and industrial changes using the method of information technology. As a result, it further expands the boundary of current research related to fashion topics. From the standpoint of public concerns, discussion points, and cognition, this study investigates the current state of digital/virtual fashion transmission. A combination of quantitative and qualitative research methods is employed in the present study, along with computer quantitative methods for processing textual perceptions in order to identify the current trends in digital fashion and virtual fashion, as well as the underlying context derived from public perceptions and emotional characteristics. This book provides participants and researchers in the fashion industry with theoretical and practical references.



Literature review

As a result of digitalizing the fashion industry, it was hoped to streamline the design, production, and business of physical products for the real world, as well as to achieve sustainability through the use of various digital tools (Sayem, 2022). Its emergence is primarily dependent on “Industry 4.0.” Digital technology advancements, including network physical space development, the Internet of Things, computing tools, and digitization of fashion heritage, indicate the fashion industry is transitioning into the digital world (Kalbaska et al., 2018; Nobile and Kalbaska, 2020; Noris et al., 2020). Noris et al. (2021) divide the existing research on digital fashion into three major areas.


(1)Changes in Communication, marketing, and email marketing. Email information push services in digital format remain an important and widely used form of communication, based on the findings of the study. The three critical aspects of email marketing are cognition, emotion, and finance (Nobile and Cantoni, 2021). Text analysis was mainly used in this research, and then Nvivo software was used to quantitatively analyze the text content.

(2)Changes in business models. Berman (2012) put forward the statement that in the fashion industry, circular business models based on digital technology are composed of blockchain supply chain model, service innovation model and demand-driven model. This study lays emphasis on the methods of text analysis and review research. Apart from incremental innovation, aggressive business models including demand-driven models and digital innovation may be of great significance to the transformation of a circular economy in the field of fashion. The demand-driven model has the potential to shift the economy from scale to scope, changing the entire process from forecasting and production to the use of fashion goods and changing consumer behavior (Casciani et al., 2022). This study used a method of qualitative analysis with the aim of extracting high-frequency words from the text, followed by the summary of the content.

(3)Changes in design methods and creation methods. This field consists of 3D virtual simulation systems (Sina and Wu, 2022), collaborative design and customization of online platforms, and the prospects for 3D virtual clothing in the fashion and gaming industries (Donatiello et al., 2018). Research of this kind mostly uses the research method of experimental test to verify the possibility of the technology. The topics related to digital technology, dynamic range, wearability, expressiveness, interactivity and sustainability have triggered the discussions on possible digital fashion designs in the future (Choi, 2022).

(4)Changes in employment demand. The fashion industry, for example, is experiencing a digital transformation that is being accelerated by the COVID-19 pandemic. With the development of digital fashions, the skills and competencies required by the industry employees will experience significant changes (Nobile et al., 2021). As designers and creatives reshape the future of fashion systems in the digital world and digital fashion, there is the existence of the barriers to diversity, equity, and inclusion. However, there will be more job opportunities because of the greater equality in digital fashion and Web3 (it is the idea of the World Wide Web of a new version leveraging blockchain technology) (Sefidabi, 2022). Most of these studies adopt the research method of literature review.



The quantity of studies in the field of digital fashion research has widened, but most of them focus on the aspects covering the development status and prospects of the industry. There are very few studies related to the preferences of the public or consumers, perceptions, and perspectives, and even fewer relevant studies which extend from the public perspective to the prediction about the trends across the industry. Therefore, the combination of micro and macro features with consumers’ cognition-driven approaches can provide research with many different insights and new theories.

The corresponding research concept is the path of research development centered on public data that enriches the research paradigm in the business field (Lies, 2019), and the data and information obtained based on user evaluations is called user-generated data (UGD) (Saura et al., 2021). UGD includes all forms of information and data that are individually generated by users through their interactions with the elements that make up any digital marketplace (behaviors, experiences, feelings, reviews, comments, etc.) (Saura, 2020). The relevant research methods including natural language processing, text analysis, and computational linguistics, text mining can identify and extract information from unstructured text data, such as posts and user comments (Kim and Kim, 2014). As part of text mining, natural language processing and morphological analysis are used to determine the frequency and probability of occurrence of words in order to determine the relationships between texts (Callon et al., 1983; Srivastava and Sahami, 2009). This is a form of machine learning that employs a variety of analytical techniques, such as word class, degree centrality, and occurrence frequency analysis (Feldman and Sanger, 2007). As a result, it can provide historical data for the analysis of social networks or sentiments (Choi and Lee, 2020; Lang et al., 2020). Using natural language processing, text analysis, and computational linguistics, text mining can identify and extract information from unstructured text data, such as posts and user comments (Kim and Kim, 2014). As part of text mining, natural language processing and morphological analysis are used to determine the frequency and probability of occurrence of words in order to determine the relationships between texts (Callon et al., 1983; Srivastava and Sahami, 2009). This is a form of machine learning that employs a variety of analytical techniques, such as word class, degree centrality, and occurrence frequency analysis (Feldman and Sanger, 2007). As a result, it can provide historical data for the analysis of social networks or sentiments (Choi and Lee, 2020; Lang et al., 2020).

There is some research about use of computer algorithms for text mining user-generated content, and use this way to forecast the market trend prediction. Table 1 showed some relevant research.


TABLE 1    Existing relevant studies in fashion field.

[image: Table 1]

According to the findings of the preceding study, the computer algorithm technique is an effective method for extracting potential information and cognition by combining a variety of topics. However, little research has been conducted on digital fashion and virtual fashion. However, there is still a gap between actual social needs and academic research when it is used. Through the application of artificial intelligence and computer algorithm techniques to online data collection and data analysis, this study provides a comprehensive understanding of audiences’ actual perceptions of digital fashion and virtual fashion. The study uses both quantitative and qualitative methods, combining different ways of analyzing the data and providing new insights into the discussion.



Research methodology


Research design

Specifically, this study aims to investigate the public’s views and attitudes related to “digital fashion” and “virtual fashion,” as well as the hot topics discussed by the public.

Research question 1: In terms of digital and virtual fashion, what posts are the most popular at the moment?

In order to collect relevant posts and comments from Twitter, the researchers used the Twitter Application Programming Interface (API), searching for the keywords “virtual fashion” and “digital fashion”.

Research question 2: Which topics and keywords are hotly debated by the audience in the fields of digital fashion and virtual fashion?

Topics and keywords are identified using k-means clustering analysis and topic modeling techniques. Fashion’s current state of development in digital and virtual media can be viewed from a variety of perspectives and analyzed in depth.

Research Question 3: What is the public sentiment toward digital fashion and fashion in general?

Data mining is conducted using sentiment analysis methods.

An analysis of posts on social networking sites, such as Twitter, about digital fashion and virtual fashion was conducted. The Twitter service is a microblogging service that allows users to send short messages (tweets) that cannot exceed 280 characters and may contain images, videos, or hyperlinks to other websites. It is possible for users to retweet tweets (retweets) to their web-based networks or communities (followers) (Power, 2015). As a result of its global popularity and ubiquity, Twitter is a fast, accessible, and cost-effective medium for information communication and sharing (Erskine and Hendricks, 2021).

Data was collected using Python technology and processed using cluster analysis, topic modeling, and sentiment analysis. As shown in Figure 1, the specific research methods and the research flow chart are described. The specific research steps consist of three parts:
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FIGURE 1
Research mythology.



(1)Data collection. I used Python 3.7 to collect public posts that contain the keywords “digital fashion” and “virtual fashion.”

(2)Data purification. In a broad sense, data cleaning includes a number of operations, including the capture, extraction, collection, screening, addition, deletion, modification, and reorganization of data. A data cleaning process refers to the process of removing invalid and incorrect data and leaving clean data, which involves the deletion, addition, decomposition, and reorganization of original data. In other words, it is the process of eliminating redundancy, noise, errors, and inconsistencies. Following the collection of text data and analysis of the collected data, the next step is to answer the research questions outlined above, which is the stage of data processing and analysis. There are three steps in this section.



In the first instance, this research will use K-means to identify and classify the text data in order to determine the number of topics based on the huge amount of information available. This step is helpful for the classification of information and for finding the main information since posts are collected based on two keywords. Then, using LDA, find the keywords based on the topic and label the data to generate a word cloud. The purpose of this step is to reveal to the general public the main contents of digital fashion and virtual fashion. As a result, sentiment analysis was adopted. Analyzing the emotional tendency in text data and exploring the public’s response and sentiment with regard to this phenomenon using network semantics. Data mining is conducted using sentiment analysis methods. In sentiment analysis, key opinions, emotions, attitudes, and tendencies are extracted from large text datasets in order to estimate and categorize the author’s emotions (Feldman, 2013; Lee et al., 2016). Words with an emotional orientation are also known as polar words and evaluation words (Ghiassi et al., 2013). As of now, sentiment analysis is dominated by methods based on the construction of sentiment dictionaries and machine learning techniques. It examines the text’s words using an emotion dictionary, calculates the emotion value, and then evaluates the emotion value to determine the text’s emotional disposition (Oh and Chae, 2015). To find out what people think and feel about virtual fashion and digital fashion, the research is conducting a survey. While the data is displayed, explain and demonstrate the results of data analysis combined with existing research. The research will discuss and summarize the final results after a series of analyses.



Research methods of data collection and analysis

The post text content was analyzed and refined using four different research methods, including Co-Occurrence Matrix, LDA Topic analysis, K-means clustering analysis, and Sentiment Analysis.


Co-occurrence matrix

In cluster analysis, research objects are classified automatically according to their characteristics using data reflecting those characteristics without the need to define the classification criteria (Jia, 2010). Three characteristics of cluster analysis can be summarized: clustering is an effective method for classifying rather than creating a unique classification; in terms of the analysis object, clustering deals with two-dimensional tables in the form of properties-records; in terms of the application prospect, clustering is an efficient method of unsupervised classification which will become increasingly popular in big data environments. Using cluster analysis, the current research analyzes different types of co-occurrence matrices to automatically extract meaningful topics from data of a certain size (Zhou et al., 2014).

A process for generating co-occurrence matrixes (Thelwall, 2001; Bar-Ilan, 2006).


1.Co-occurrences of words in the corpus are stored in matrix A, which is formed by all the non-repeating words in the corpus.

2.It is possible to artificially specify the size of the Context Window, and then count the number of times each word appears in the specified size of the Context Window along with the surrounding words.

3.Counting the number of times each word pair occurs in the corpus.





Latent Dirichlet Allocation topic analysis

A topic model was developed based on the Latent Semantic Indexing (LSI) approach proposed by Papadimitriou et al. (2000) It is the basic idea of LSI to construct a new latent semantic space with a lower dimensionality than the original space through singular value decomposition (SVD), so as to find a simpler representation of the text (2000). Hofmann (1999) also proposed probabilistic LSI based on LSI word classification (pLSI), which differs from LSI by taking the optimal low-rank approximation as the optimization goal, whereas LSI takes the likelihood value of observations as the optimization goal and maximizes it. Based on Bayesian theory, (Blei et al., 2003) created LDA in 2003, which considers the parameters to be evaluated in probabilistic LSI as random variables with Dirichlet prior distributions. By inferring the underlying content variables, the LDA algorithm aims to model a corpus. We may consider these papers to be content-related groups or categories (Ming et al., 2022).

As shown in Figure 2, Blei (2012) explained the LDA model algorithm as follows: the square boxes are called “plates,” and “N” is a collection of words within a document, “D” is a collection of documents, and “K” is a set of topics. The circles represent probability parameters, and the node in, ncircles represas a word in the document; while topics, topic distributions, and topic assignments are not revealed. There are full words (“Wd, n”) in the numerous documents (“D”) collected by the researchers, assuming that each word corresponds to a topic (“Zd,n”) (Kim et al., 2022).


[image: image]

FIGURE 2
The LDA model from Blei (2012, p. 81).




Latent Dirichlet Allocation topic analysis

By learning from unlabeled samples, cluster analysis aims to discover hidden patterns, subsets, and correlations within a data set, thus allowing unlabeled data objects in the data set to be classified into corresponding classes, called class clusters. By clustering, a reliable cluster analysis cluster partitioning method should make the partitioning result as similar as possible between data objects within the same class cluster (Xiao et al., 2022). In contrast, it should be as different as possible between data objects within different class clusters.

The K-means clustering algorithm is the most fundamental and widely used clustering algorithm. Its basic concept is to find iteratively a classification scheme for K clusters that minimizes the loss function corresponding to the clustering results. The loss function can be defined as the sum of the squares of each sample’s error from the cluster’s center (Likas et al., 2003):
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Where xi represents the it samples, represents the cluster to which belongs, /muci represents the center point corresponding to the cluster, and M represents the total number of samples.

Steps involved in the operation:


1.Select K points at random from the sample as the initial centroid;

2.Divide the samples into clusters corresponding to the nearest centroid by calculating the distance between each sample and each centroid.

3.Calculate the mean value of each cluster’s samples and update the cluster’s center of mass with the mean value.

4.Steps 2 and 3 should be repeated until one of the following conditions is met: The maximum number of iterations is reached when the change in the centroid position is less than the threshold value (default is 0.0001).





Sentiment analysis

In sentiment analysis, key opinions, emotions, attitudes, and tendencies are extracted from massive texts in order to estimate and classify the author’s feelings (Feldman, 2013; Lee et al., 2016). The study used the SentiWordNet Emotion Dictionary, a semantically rich English dictionary developed and maintained by the Cognitive Science Lab at Princeton University under the direction of psychology professor George A. Miller. In WordNet, the terms are categorized by their meaning, and each group of terms with the same meaning is referred to as a subset.

Next, they are loaded into a Python programmer equipped with the Naive Bayes Analyzer, and a tagged Digital fashion/Virtual fashion corpus serves as the training set. As part of this algorithm, all comments are considered subjective and are assigned a positive and negative value with a sum of 1.

Comments that have a positive evaluation/emotion value greater than 0.5 are considered as positive evaluations/emotions. The comment is determined to be negative evaluation/emotion dominant if the negative evaluation/emotion value exceeds 0.5. When the positive and negative evaluation values are equal, the comment is considered neutral (Zhang, 2019).





Results and analysis

The Python program used the open Twitter API to search for relevant posts and comments on such topics using the keywords “virtual fashion” and “digital fashion,” as well as the date, title, content, likes, comments, re-tweets, and link information of these posts. Following the preprocessing, special characters and punctuation marks were removed from the data. A total of 528,915 records were collected between October 2020 and May 2022. For the data preprocessing, the Python3.7 natural language toolkit (NLTK) was used, and the model was constructed using the Web crawler language. Public posts about “digital fashion” and “virtual fashion” were collected. The posts were sorted by the number of likes using the keywords “virtual fashion” and “digital fashion.” The higher the number, the greater the audience recognition and the greater the attention paid to it. According to the number of likes, a portion of the collected metadata is sorted as follows, shown in Table 2.


TABLE 2a    Original posts collected by keyword “digital fashion” on Twitter.
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TABLE 2b    Original posts collected by keyword “virtual fashion” on Twitter.

[image: Table 6]

Table 3 displays the high-frequency keywords that were extracted using topic modeling and K-means clustering analysis.


TABLE 3    Results of the word frequency analysis.

[image: Table 3]

Following the preprocessing of the data and the conversion of the word vectors, Figure 3 illustrates the clustering phase of the experiment.


[image: image]

FIGURE 3
Visualization of cluster data.


As a general rule, contour coefficients range from –1 to 1, and the greater the value, the greater the distance between the cluster and other clusters, and the more compact the distance within the cluster. Furthermore, an excess or deficiency of data within a cluster may affect the persuasiveness and representativeness of the clustering results. Therefore, determining the K value requires a thorough evaluation of the contour coefficient value and the distribution of data in the scatter graph. The more uniform the distribution of class cluster data, the more reasonable the K value will be when the contour coefficient reaches its maximum value (Krishna and Murty, 1999).

As a result of word vector transformation and clustering, the original text data without any rules were divided into two classes in a reasonable and effective manner. The requirement topics covered in the question text generated by users are often diverse and personalized, and the class cluster contains numerous data points, making it difficult to identify the class cluster’s core characteristics directly; thus, LDA topic extraction is necessary.

The following steps are involved in extracting LDA topics from the entire dataset:


(1)Read the data, load the stop word table, preprocess the data, and create a tuple that consists of particle, word class tagging, stop word removal, word, and word class.

(2)The vectorization process involves transforming words into a matrix of word frequency.

(3)Extract keywords and convert them into vectors by conducting a statistical analysis of the TF-IDF weights of the words in the matrix.

(4)Determine the level of confusion, determine the optimal number of topics in LDA, define the function and output the keywords for each topic, and complete the topic keyword extraction.

(5)Visual analysis: present the results of the LDA topic analysis in a way that makes them interactive and dynamic. This step requires the use of the Potential Dirichlet Allocation (LDA) provided by the Gensim package. The first step is to import the packages. Among the core packages are re, gensim, spacy, and pyLDAvis. Additionally, matplotlib, numpy, and PAses are required for data processing and visualization. In addition to importing deactivated words from the NLT, some additional words were also added to the original list of deactivated words. It is necessary to clean up the dataset before starting topic modeling. Email links, extra spaces, and line breaks should be removed, each sentence should be marked as a word list, and punctuation and unnecessary characters should be removed. Build the bigram and trigram models, then define functions for stopwords, bigrams, trigrams and lemmatization, create the lexicon and corpus needed for topic modeling, and then enter the core step—LDA models are built for different topics, and each topic is a combination of keywords, and every keyword has a certain weightage in the topic. The Perplexity and Coherence Scores are calculated to determine the relevance and complexity of the generated topics. In order to visualize our model, the research recommend using pyLDAvis. The purpose of pyLDAvis is to assist users in interpreting topics in a topic model that fits a corpus of text data. The application extracts information from a fitted linear discriminant analysis topic model (LDA) in order to facilitate interactive web-based visualizations. A detailed analysis of the results can be found in Figure 4.




[image: image]

FIGURE 4
(A) Topic modeling for the first cluster class. (B) Topic modeling for the second cluster class.


A variety of subjects are represented by circles. In each topic, the size of the circle corresponds to how much text is contained within it. An icon is depicted horizontally on the right which represents the 30 most relevant terms for the topic. It is evident that the two cluster classes are divided into three topics by the presence of three circles in each. The following 30 keywords correspond to the 30 most important keywords extracted from the entire text when the mouse is not over any particular topic. You will immediately notice a change in the list of keywords to the right when you hover over circles 1, 2, or 3. The data display for each circle turns red when the mouse is clicked, which indicates that the frequency with which each keyword appears in the current topic. The circles in the Figure will not overlap if the model fits well.

According to Figure 4, there is no overlap between the six topics. This indicates that there is little correlation between them and that each topic falls within a relatively distinct research area. Thus, after LDA topic modeling analysis, all data can be divided into 6 topics. By clicking on each topic circle, a bar graph with the top 30 most relevant terms for that topic will appear along with the keywords corresponding to it. Due to the fact that computer information technology only provides statistics, the content of each topic must be summarized using keywords. Based on an analysis of the lexical nature of the keywords, the six topics can be classified into the following categories, as shown in Table 4.


TABLE 4    Keywords in topic clustering.

[image: Table 4]

Based on the combination of the six themes for analysis with current research, it is evident that the keywords covered under each theme are relevant to current industry topics. Through the introduction of VR, AR, and AI technologies, industrial innovation has been promoted (El-Sayed and El-Fanagely, 2022), as well as emerging research and industries around digital people, virtual people, and virtual beauty, which are being extended globally, such as virtual wear and NFT, with companies such as Auroboros, DressX, and Tribute Brand introducing virtual wear digital products. According to Morgan Stanley, a well-known investment bank in the United States, the market for virtual wearable products is expected to reach $56 billion by 2030 (Astakhova and Kalyazin, 2022). The concept of “bionics” is incorporated into some of the virtual wearable designs, adding a new dimension to the design of costumes in both virtual and real environments. It is not only a matter of breaking through the limits of traditional manufacturing techniques; it has also had a significant impact on retail. It is not only the development of virtual fashion that creates new economic models and industrial channels. However, it is also the result of the ongoing process of constructing and constructing human identities. While the incarnated image of the virtual world is based on the natural world of self-expression and value influence, virtual wear is the technological realization of expressing identity and self (Choi, 2022). The sustainability and fashion technology industry writer Brooke Roberts-Islam explained in a Forbes article entitled “Why People Want to Wear Digital Fashion” that all clothing impacts the environment and puts pressure on the planet’s ecology from a rational and environmental perspective. While some believe that the only truly sustainable solution is to go nude, digital fashion has become the next-best alternative. According to DressX, the world’s first multi-brand digital fashion retailer, producing a digital fashion item reduces carbon emissions by 97% compared with producing a physical item (Roberts-Islam, 2020). All six themes contain key words that are closely related to the above. Technology is bringing about the expansion of design boundaries, the importance of sustainability, the impact on industrial models changing, and the reflection on human thought.

With the use of the wordcloud tool, high-frequency keywords are extracted from the data of each class cluster. The size of the word cloud will also increase if the frequency of a word is greater. The details are shown in Figure 5.
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FIGURE 5
Clustering word cloud.


It is evident from Figure 4 that the two class clusters have obvious theme features, diverse core words, and a large number of lexical items, indicating that the public is clearly interested in the contents of the classes. Among the words associated with the first class are “fashion,” “virtual,” and “digital,” which are also the keywords of this study, followed by “amp,” “metaverse,” “week,” “NFT,” “brand,” and “collection.” The abbreviation “amp” refers to the nonsensical word ampersand. Currently, “metaverse” is the most popular topic, which is linked and created using technology. In the meantime, it is a digital living environment, incorporating a new social system and a virtual world that maps and interacts with the physical environment. This protocol identifies an ecologically indivisible and unique interface specification for Token interaction and circulation, enabling the marking of native digital asset ownership (i.e., assets that exist in the digital world or originated there). Its key innovation is its ability to mark native digital assets as belonging to their owners. As tokenized tickets and one-of-a-kind jewelry are non-homogeneous and non-disintegrable, they simultaneously ground the concept of real-world goods. It is possible to tokenize any valuable creation and track the ownership of the information using NFT, thereby realizing the intersection between information and value. It is the first time that the fashion industry has been in contact with NFT through the collaboration between digital artists Fevocious and RTFKT. In 2019, The Fabricant sold its first piece of digital haute couture for $9,500. Blockchain technology can be used to convert a fashion item into a legitimate investment. NFT is a novel marketing strategy for the digital fashion industry.

The high frequency of the word “brand” suggests that the general public is also discussing the fashion brands that are driving digital fashion, including OTB, Louis Vuitton, Gucci, Balenciaga, Dior, Ralph Lauren, Vans, Nike, Adidas, and so on, which are actively involved in the creation of digital fashion art and in the expansion of the digital fashion segmentation market. It is possible to demonstrate your capabilities by creating a metaverse department, releasing NFT products, creating virtual stores, and working with virtual idols.

Among the key terms used in the second group are “global,” “stories,” “metaverse,” “brand,” “create,” “business,” “models,” and “blockchain-enabled.” The concept of the metaverse has sparked a global wave of digital endeavors. Many nations around the world, represented by the fashion industry, have begun to produce and sell virtual clothing, virtual idols, virtual cosmetics, virtual accessories, and other works of art. As a result of the advent of digital fashion, the industry’s business model has evolved, as well as forecasting future operation models, market segments, and product innovations. In spite of the fact that time will determine whether digital fashion based on the metaverse concept is a bubble or a new blue ocean, it nevertheless offers a fresh perspective on the fashion industry. The purpose of the project is to establish a foothold in the virtual fashion industry, provide consumers with superior shopping experiences, especially for luxury brands, and develop digital fashion channels to enhance consumer interaction and communication.

Fashion is also concerned with sustainable fashion. Through virtual fashion, pollution caused by consumables such as clothing can be mitigated. An example is “blockchain-enabled” transacted energy (BCTE), which has the potential to create an open, trustworthy, and transparent energy market. In addition to reducing the cost of renewable energy investments, this will improve our ability to combat climate change, encourage more participants in the renewable energy sector, and boost innovation through transparency and grid access. Among the most commonly used words is “blockchain-enabled,” which indicates how much people care about the environment and resources.

All cluster types have independent and diverse topics within each cluster, which indicates that users’ information needs related to this topic are similar and cannot be fully satisfied. These clusters are not only dominated by nouns and lexical items but also have independent and diverse topics within each cluster. Therefore, this may reflect the public’s and consumers’ interest in and exploration of “digital fashion” and “virtual fashion.” In light of the influences of science and technology as well as the social environment, further investigation is necessary to determine if this new concept or product is capable of meeting the needs of the general public.

It is noteworthy that LDA topic modeling and K-means cluster analysis can provide a preliminary understanding of the current hot topic of digital fashion for further investigation of their relationship. To analyze both the social network and the semantic network, a Python3.7 semantic analysis tool is utilized to analyze both the social network and the semantic network. Create a social semantic network structure map, display the structural relationship between words through graphical representations, analyze the correlation between text data sets based on user comments, and then mine the potential information from the data. Social semantic networks are illustrated in Figure 6.
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FIGURE 6
(A) Clustering—network semantics. (B) Clustering—network semantics.


According to Figure 6A, two major networks dominate the distribution of network semantics: fashion and virtual. Among these, “fashion” requires more categorization and explanation since it encompasses a broader and more dispersed range of activities. The network semantic diagram reveals that the words closest to the network center in the network with “fashion” as the core word are “computer” and “spread.” “Balenciaga” and “Nike” are categorized as brands. Due to Balenciaga’s presentation of video and video game depictions of the post-epidemic era from summer 2021 to fall 2021, the brand has been widely discussed. In the Spring 2022 runway show that debuted on June 6th, Creative Director Demna Gvasalia once again used fashion as a means of examining and interpreting the present while exploring the future. On social media platforms, this sparked a heated debate and attracted the attention of the general public worldwide. By joining forces with RTFKT, a digital fashion and footwear brand the company acquired last year, Nike demonstrated for the first time that it is selling sneakers in the metaverse (virtual space). With the help of NFT (non-homogeneous token) technology, Nike opened a store on Roblox, a popular online game with 50 million daily visitors, in a virtual sneaker market, promoting its brand in the virtual space and building relationships with young digital natives. Examples of successful digital fashion brands include Balenciaga and Nike.

Fashion includes clothing, design, and modeling. As a result of the epidemic, virtual fashion actively seeks to combine virtual technology and the fashion industry, as well as being influenced by the development of avatars and virtual platforms in the metaverse (Hollensen et al., 2022). Software and technology are used in a virtual fashion as opposed to an actual fashion. As a result, this change also led to changes in clothing shapes, design methods, design tools, and creative ideas in the fashion industry. For example, virtual fittings, virtual models, and virtual idols are all examples of how technology and creativity have changed over time.

It is common to use words such as “personal,” “create,” “awesome,” “innovation,” “exclusive,” “exciting,” “characters,” and “collaboration” to describe digital fashion. Generally, people feel and think about virtual fashion in more positive terms, as evidenced by the word classes of these descriptors.

“Community,” “Industry,” “Event,” “Platform,” “Worlds,” “Milan,” “Market,” “Place,” and “tomorrow” fall under the category of site and scene. During Milan Fashion Week, a total of eight digital shows were held between February 22 and February 28, 2022. In autumn/winter 2022, ANNAKIKI debuted its NFT virtual clothing capsule collection, introduced the concept of man-machine symbiosis, and introduced the concept of the “post-human era,” sparking heated debates on the Internet. The growth of digital fashion creates more “events” and needs more “platforms” on top of making the fashion industry more innovative.

The verbal terms include “vision,” “impact,” “hear,” “feel,” and “supply.” As an example, using the digital fashion show as an example, technologies such as interactive lighting, sound arrangements, and touch interaction are utilized to enhance the exhibition experience from traditional “watching” exhibits to multi-sensory stimulation of “vision,” “hear,” and “touch.” As a result, exhibits are no longer viewed as single objects but as a space where the real and the virtual interact, allowing the audience to be immersed in the artist’s world. Virtual and digital fashion have evolved inextricably linked to advances in science and technology, as well as changes in economic conditions.

Second, there is only one network center, and the center words are “digital” and “fashion.” Since “surveyed” and “reported” belong to the same word class, digital fashion is a popular topic across multiple industries. There are also three types of group words in the network semantic map, namely “Panelist,” “People,” and “Expert.” It suggests that the development of digital fashion has spawned relevant research groups, industry personnel, and their particular target consumers, as well as addressing the talent needs and stakeholder needs of each major stage of the entire industrial supply chain: digital brand operation, digital design and development, and digital brand management.

There are two additional terms associated with this network, namely “Coin Telegraph” and “NFTs,” which demonstrate its innovative nature. It has been the focus of the cryptocurrency industry since the second half of 2021 to develop Web3 and metaverse economies based on user-owned digital assets like NFT. While the global economy is currently experiencing a downward trend and the crypto market is experiencing significant losses, institutional investors, companies, and new crypto projects continue to focus on the development of innovative metaverse applications. There are a number of well-known brands that have begun to establish their presence in these new virtual worlds, including Nike, Gucci, Balenciaga, and Prada (Karamalak et al., 2021).

In Figure 7A, the positive attitude accounted for 51.81 percent of sentimental topics in the first category, the neutral attitude for 41.25 percent, and the negative attitude for 7.98 percent. As summarized in the first cluster of descriptive words, the era and attitude of the group as well as the fashion context involved in digital fashion, as well as the time, occasion, and descriptive words used in posts, are the primary focus.
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FIGURE 7
Sentiment analysis. (A) Cluster 1 sentiment analysis. (B) Cluster 2 sentiment analysis.


There is no doubt that the majority of audiences do not resist digital fashion, and the majority holds a neutral attitude and is active in catering.

Based on the analysis of the descriptive words in cluster 2, the main content of cluster 2 includes the development trend of virtual fashion or digital fashion, the industry or content involved in virtual fashion or digital fashion, as well as its impact on the global community and people’s lives. In regards to the percentage of emotions associated with cluster 2, Figure 7B differs from Figure 7A, showing that a neutral attitude accounts for 87.96%, a positive attitude accounts for 11.39%, and a negative attitude account for only 0.65%. As a result of combining the cluster contents and emotion percentage data, it is evident that the public’s perception of this area is generally positive (The development of technologies such as virtual reality, intelligence design tools and processes, etc.).

Based on the reports from around the world, this perspective can be summarized as well. Consumers or advertisers may make these posts. In spite of the fact that virtual technology can enhance product marketing and consumer communication, most consumers still consider product material, technology, brand cultural connotations, and public identity before purchasing fashion items. Because of this, the majority of consumers remain wary of virtual digital fashion and the metaverse.

A number of brands, particularly luxury brands, take a wait-and-see approach: “Hermes is in a wait-and-see phase, and we use it to communicate with young consumers, but we are not in a hurry to enter the virtual world,” said Axel Dumas (CEO of Hermes) when asked about the recent popularity of metaverse topics.” As a result, we continue to spend 15 h on each bag.

The CEO of LVMH, Bernard Arnault, issued a warning against a metasomatic bubble at the beginning of this year, emphasizing that his company would not sell virtual shoes. As he stated, “We have no interest in selling virtual shoes for a price of ten euros.”

According to Table 5, there are a variety of opinions and feelings regarding digital fashion and virtual fashion.


TABLE 5a    Analysis results of neutral attitude and content of related posts.
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TABLE 5b    Analysis results of negative attitude and content of related posts.
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TABLE 5c    Analysis results of positive attitude and content of related posts.
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According to a sentiment analysis of textual data, the public’s attitude toward digital fashion is predominantly positive or neutral. In contrast to traditional fashion, digital fashion emphasizes artistic creation while having its own value.

Environmental Value: In the traditional fashion industry, there has always been a problem of “overcapacity,” and virtual fashion, which uses only digital images without physical carriers, has become a new perspective in regards to industrial pollution under the heading of “sustainable fashion.”

Social Value: In addition to satisfying people’s imaginations of clothing, virtual fashion artwork can also convey personal emotions and psychological characteristics by using bold colors and exaggerated silhouettes since it is not limited by the physical carrier. Virtual fashion is consumed by the public and shared on social media or the Internet to demonstrate their own distinctive aesthetics and desire to explore the future.

Arts Creation and Imagination Value: In spite of the fact that the human imagination is limitless, the physical carrying of entities is subject to a variety of factors. Virtual fashion can meet the creative needs of various art forms and express emotions or concepts in a variety of ways.

Tolerance Value: You can obtain a piece of clothing virtually, especially for those with special needs, such as the disabled. The combination of a virtual image and virtual clothing is capable of removing the actual physical limitations.

As a result of these characteristics, some groups have a positive attitude toward digital fashion. In spite of this, the development of the fashion industry is always characterized by a mixed bag of risks and opportunities, which is consistent with a neutral attitude.



Discussion

This study attaches importance to the collection of user information and systematical analysis on the development status, impact and future trend of digital fashion in the industry employing UGD. There have been similar studies conducted in the field of fashion with the following research methods, such as Vãtãmãnescu et al. (2021), which used a questionnaire-based survey to collect data and combined structural equation modeling (SEM) to analyze the data (2021). The systematic literature review (SLR) method and statistical analysis method were used to analyze some text-based information (Jain et al., 2022). The difference with other fashion field related studies is that the research methods used in this study, as well as the perspectives adopted in the analysis on the problem, is the verification of multiplicity.

This study confirms the validity of computer algorithms and computer informatics for analyzing audience perception. Using LDA topic modeling, K-means clustering analysis, and semantic network analysis, the research collected and summarized data in this study. There is innovation in the collection of user information, which leads to fast, massive, and easy access to relevant information (Sheehan, 2002) so as to reason and analyze user cognition and behavior in the digital ecosystem. It has been shown that by combining computer information technology with qualitative analysis methods, text-based information can be processed effectively as well as explored in depth (Ren et al., 2021; Hopkins, 2022; Kliestik et al., 2022; Nica et al., 2022b).

In accordance with the findings, there are a large number of posts and a wide range of topics related to digital fashion and virtual fashion. For now, the discussion’s content is primarily reflected in news articles regarding the creation and sale of relevant brands and related content, such as virtual clothing, virtual idols, virtual beauty, virtual accessories, and other works of art, as well as the impact of digital fashion on the industry, the modification or subdivision of enterprise marketing strategies, and attitudes and evaluations of this phenomenon. The studies and perspectives from Prakash et al. (2020), Wu et al. (2022) and Xue et al. (2020) can prove the validity of the results of this study.

The specific manifestations and new findings are:


Text analysis—Information mining—Keyword extraction—Industry trend prediction

Based on the data analysis, high-frequency words such as “computer,” “photography,” “metaverse,” “coin telegraph,” and “NFTs” are extensively discussed. It is the former that represents technological progress and innovation underlying digital fashion, while the latter is a reflection of the interaction between fashion trends or market development trends, economic models, and marketing strategies. According to Kamel and Mohamed (2021), the fashion industry should pay attention to innovation in marketing and technology strategies as well as innovation in product design in the context of digitalization. Demand-driven models’ radical business models and digital innovation may be critical to the transformation of the fashion circular economy.



Text analysis—Information mining—Sentiment judgment—Market judgment

The results of a semantic network analysis indicate that the majority of the audience has a positive and neutral attitude toward digital fashion (Park and Kang, 2021; Breiter and Siegfried, 2022; Toraman, 2022). By using computer algorithms and computer informatics to analyze the lexical and textual content of UGD, it is possible to derive the audience’s attitude toward a topic or event. As a result of the research conducted by Aburbeian et al. (2022) perceived curiosity and perceived pleasure are positively associated with perceived ease of use (2022). As an emerging topic, it has aroused the curiosity and attention of the public. A minority of individuals express negative emotions and rejection. Shen et al. (2021) also expressed similar views in their research, arguing that consumers’ purchasing desires and purchasing behavior need to be improved in an immersive virtual reality environment (Ning et al., 2021; Shen et al., 2021).



Text analysis—Information mining—Information integration—Strategy adjustment

The posts about digital fashion contain a lot of information and cover a wide range of topics. According to Sayem (2022), this result was confirmed in his study. According to reports, the digital fashion trend has been covered across the board, including: (1) digital design and e-prototyping; (2) digital business and promotion; (3) digital human and metaverse; and (4) digital apparel and smart e-technology (2022). The majority of the keywords are nouns and lexical terms, and the theme of each cluster is independent and pluralistic, indicating that users’ information demands under the topic have obvious similarity and are difficult to completely satisfy (Xue et al., 2020; Damar, 2021; Aburbeian et al., 2022), and that such topics continue to be hotly debated, largely because consumers and professionals are interested and curious.

A critical perspective is required to assess the impact of digital fashion on business. Digital technology is permeating both the upstream and downstream of the fashion industry’s supply chain, maintaining the link between user demand, goods and services supply, and the links (Ning et al., 2021; Moon, 2022). In the stock and rapidly differentiated market segments, the survival and growth of lean and specialized enterprises with “efficiency first” cannot be separated from digitization, and digitization will be beneficial to the vast majority of businesses (Jeon et al., 2022; Vidal-Tomás, 2022).

However, this effect will accelerate differentiation and eliminate enterprises and labor forces with low viability, resulting in the majority of businesses being at risk of closure (Sayem, 2022). In addition to the acceleration of enterprise differentiation, the bipolarization trend in consumption will become more prominent, and the already fragile fashion industry will be adversely affected by the global pandemic. Due to the deterioration of the economic climate, the incomes of most consumers will be impacted, particularly those in the middle segment, and the bi-polarization of high-end consumption and civilian consumption will become more apparent. Additionally, companies and brands must possess technical skills in software, the Internet, computers, big data, etc., in order to realize digital development. (Campbell and Jovanovic, 2022; Lim et al., 2022), as well as artistic talent and enterprise management talent (Kim, 2021). Consequently, digitalization is the technology enabler of the industry’s general trend, and it will be more urgent and significant than product and consumption upgrades (Melnikova, 2021); therefore, it will be a prerequisite for businesses to take advantage of future market opportunities. It is important to note that the sharp trend of consumption classification not only provides an opportunity for enterprises to develop leanly, but also provides the technical conditions for optimizing and upgrading their operations (Rehm et al., 2015; Bratu and Sabãu, 2022). A digitally enabled environment allows enterprises to increase output and operational efficiency (Joy et al., 2022; Morse and Stein, 2022).

As opposed to previous studies, this study’s results can be summarized into three aspects: microscopic, mesoscopic, and macroscopic, all of which are supported by previous research. The meta-universe can provide further insight into the impact of digital fashion development on aesthetics, consumption habits, and consumption patterns of the general public, while the microscopic can provide further insight into consumption patterns. Along with the consumption of physical fashion items, the transaction of relevant virtual and digital fashion collections expands the traditional method of purchasing and the form of goods (Hassouneh and Brengman, 2011). A mesoscopic impact of the digital fashion concept has been experienced by the fashion industry in terms of its creation and development, which has led to the addition and modification of design methods, design concepts, marketing methods, and marketing strategies of relevant items, in addition to technological advancements and the upgrading of upstream and downstream chains (Lee, 2021; Sayem, 2022). At the macro-macroscopic level, it involves the interaction between digital fashion and financial markets, the global context and the advancement of science and technology, and the influence it has on the future trade of goods, transactions, and the transformation of industries (Melnikova, 2021; Jenkins, 2022).




Conclusion

A textual approach is used in this study to quantitatively analyze keywords in social media data in relation to virtual fashion and digital fashion. This study uses text mining, semantic network analysis, topic modeling, and sentiment analysis to quantitatively analyze keywords in social media data. The essence of the connotations represented by the data was refined by computer algorithms for text mining and data analysis. This was conducted by combining current literature research with market cases and expert interpretations. To obtain new interpretations and findings from the text data, qualitative and quantitative research were combined. According to academic research in the field of fashion, virtual fashion and digital fashion are widely practiced in the industry. However, academic research is still lagging behind practical applications and industry developments. While the findings of this study are based on data collected from the perspective of audience perceptions, they are not limited to that. This presentation provides an overview and discussion of the current state of the fashion industry and research status from the micro perspective of the audience. By utilizing this paper, scholars may be able to efficiently familiarize themselves with field knowledge and facilitate strategic adjustments by relevant institutions.


Theoretical contributions

This study has dual theoretical implications. The first is data-driven innovation research was applied in this research, which previously studies lacked the use of serial computer algorithms and combined with UGD methods to obtain information, and combine qualitative analysis to obtain the substantive content behind the information represented. Future studies can use the methodology proposed in this study as a research basis for similar studies.

Secondly, this study is an open access data obtained on the Twitter platform, and this step can be used as a variable for future studies. That is, the subject of this study is used as a variable, research on different topics with using other statistical methods or data analysis methods. Although this study is essentially exploratory in nature, it can be a guiding reference for future quantitative studies of open-ended data analysis.

In addition to this, the theoretical implications for the progress of research in the field of fashion. Different from other disciplines, research in the field of fashion is always affected by market changes, and is more practical disciplinary, and lacks progressive theoretical development.

Dual theoretical implications are available in the results obtained from this study. Firstly, it is about the method of open innovation in research. Previous studies are lack of the deep textual meaning to obtain information and analyze data using serial computer algorithms and computer informatics, as well as the combination with UGD methods. On the theoretical level, future research conduct similar research using the methods proposed in this study as the research basis.

Secondly, this study is about the acquisition of open data obtained from the platform Twitter, which can be used as a variable for future research. In other words, with the theme of this study as the variable, corresponding operation and reasoning are conducted combined with other statistical methods or data analysis methods, or the related research methods of this study. Although this study has the exploratory nature, it can be used as an attempt to conduct quantitative research on open data in the future.

In addition, it has theoretical significance in terms of the research progress in the field of fashion. Different from other disciplines, the research in the field of fashion is often subjected to the influence of the changes in the market and has strong practicality, and it lacks step-by-step theoretical development. Through data mining in a large amount, this study systematically introduced and analyzed the development and trend prediction of “digital fashion,” in combination with market reports and industry information, and put forward the multi-faceted impact of “digital fashion” on individuals, society, industry and industry on the basis of objective facts, which provides related research with a lot of reference.



Managerial contributions

From a more practical point of view, the research is very useful for the industrial development. Designers, individuals, companies, organizations and industries can make adjustments to strategies by referring to our research, which will promote the development of open innovation in the fashion industry.

In addition, This study provides the following examples for enterprises and brands development: (1) Marketing and product promotion strategies must emphasize communication with customers, which is essentially reflected in communication channels and emotional communication. Focus on online marketing, creating topics and events that will appeal to the general public and target consumer groups. Emphasizing the emotional needs of the consumer, building an emotional connection with the public in order to obtain the brand premium. (2) The analysis of text using computer algorithms can be useful for evaluating market dynamics for companies or brands. In quantitative text analysis, data resources can be collected comprehensively for a certain topic, and effective information can be summarized. The company or brand can then respond quickly to the market, adjust the brand strategy, design strategy, or update the brand connotation and value appeal as necessary. (3) Digitization represents the technology enabler of the industry’s general trend, and it will be more urgent and significant than product and consumption upgrades. Therefore, it will be a prerequisite for businesses to participate in the future. The sharp trend of consumption classification not only provides an outlook for the lean development of enterprises, but it also provides the technical conditions for their operation optimization and upgrading, enabling enterprises to increase their output and operational effectiveness under digitally enabled conditions.



Limitations and future research

Despite the fact that the study provided some useful information to the existing literature, it has some limitations that can be addressed by future research. In this study, text documents of posts from social networks and online communities were gathered. However, the first limitation is related to methodology. In this process, the search and collection of content are conducted based on the keywords on the platform Twitter, as well as the collection of text information, but research on other platforms is not conducted. It is mainly for the reason that the research methodology is subjected to the limitation of requirements on the open platform, and in further research, it is necessary to validate our findings on data from other major social networking platforms.

Secondly, there was no in-depth exploration of the reasons audiences have negative, positive, and neutral attitudes toward digital fashion respectively, nor what their specific concerns, real needs, or psychological demands are. A more in-depth exploration of this issue is necessary and may be the subject of future research.




Data availability statement

The original contributions presented in this study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

YZ conceived the ideas, experimental design, data analysis, interpretation of the results, and drafted the manuscript of the analysis. D-BL gave technical guidance, provided continuous support to perform the experiment successfully, and gave the suggestions about the writing. SL offers suggestions about the manuscript. All authors read and approved for the publication.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

Aburbeian, A. M., Owda, A. Y., and Owda, M. (2022). A technology acceptance model survey of the metaverse prospects. AI 3, 285–302. doi: 10.3390/ai3020018

Arora, A., Chakraborty, P., Bhatia, M. P. S., and Mittal, P. (2021). Role of emotion in excessive use of Twitter during COVID-19 imposed lockdown in India. J. Technol. Behav. Sci. 6, 370–377. doi: 10.1007/s41347-020-00174-3

Astakhova, L. V., and Kalyazin, N. V. (2022). Non-fungible tokens (NFT) as a means and object of ensuring information security. Automat. Doc. Math. Linguist. 56, 116–121. doi: 10.3103/S0005105522030062

Bar-Ilan, J. (2006). What do we know about links and linking? A framework for studying links in academic environments. Inf. Process. Manage. 41, 973–986. doi: 10.1016/j.ipm.2004.02.005

Berman, S. J. (2012). Digital transformation: opportunities to create new business models. Strategy Leadersh. 40, 16–24. doi: 10.1108/10878571211209314

Blei, D. M. (2012). Probabilistic topic models. Commun. ACM 55, 77–84. doi: 10.1145/2133806.2133826

Blei, D. M., Ng, A. Y., and Jordan, M. I. (2003). Latent dirichlet allocation. J. Mach. Learn. Res. 3, 993–1022.

Borgatti, S. P., Everett, M. G., and Johnson, J. C. (2018). Analyzing social networks. Sage.

Bozhuk, S. G., Maslova, T. D., Pletneva, N. A., and Evdokimov, K. V. (2019). Improvement of the consumers’ satisfaction research technology in the digital environment. In IOP conference series: Materials science and engineering, Bristol IOP Publishing.

Bratu, S., and Sabãu, R. I. (2022). Digital commerce in the immersive metaverse environment: Cognitive analytics management, real-time purchasing data, and seamless connected shopping experiences. Linguistic & Philosophical Investigations.

Breiter, D., and Siegfried, P. (2022). The metaverse: Exploring consumer’s expectations, their attitudes, and it’s meaning to the fashion industry. Tekstilna Industrija 70, 51–60. doi: 10.5937/tekstind2202051B

Callon, M., Courtial, J. P., Turner, W. A., and Bauin, S. (1983). From translations to problematic networks: An introduction to co-word analysis. Soc. Sci. Inf. 22, 191–235. doi: 10.1177/053901883022002003

Campbell, M., and Jovanovic, M. (2022). Digital self: The next evolution of the digital human. Computer 55, 82–86. doi: 10.1109/MC.2022.3148642

Casciani, D., Chkanikova, O., and Pal, R. (2022). Exploring the nature of digital transformation in the fashion industry: opportunities for supply chains, business models, and sustainability-oriented innovations. Sustain. Sci. Pract. Policy 18, 773–795. doi: 10.1080/15487733.2022.2125640

Choi, K. H. (2022). 3D dynamic fashion design development using digital technology and its potential in online platforms. Fashion Text. 9, 1–28. doi: 10.1186/s40691-021-00286-1

Choi, Y. H., and Lee, K. H. (2020). The meanings of new-tro fashion: Conceptualization and typologifcation. J. Korean Soc. Cloth. Text. 44, 691–707. doi: 10.5850/JKSCT.2020.44.4.691

Choi, Y. H., Yoon, S., Xuan, B., Lee, S. Y. T., and Lee, K. H. (2021). Fashion informatics of the Big 4 fashion weeks using topic modeling and sentiment analysis. Fashion Text. 8, 1–27. doi: 10.1186/s40691-021-00265-6

Damar, M. (2021). Metaverse shape of your life for future: A bibliometric snapshot. J. Metaverse 1, 1–8. doi: 10.48550/arXiv.2112.12068

Dhaoui, C. (2014). An empirical study of luxury brand marketing effectiveness and its impact on consumer engagement on Facebook. J. Glob. Fashion Mark. 5, 209–222. doi: 10.1080/20932685.2014.907605

Donatiello, L., Morotti, E., Marfia, G., and Di Vaio, S. (2018). “Exploiting immersive virtual reality for fashion gamification,” in Proceedings of the 2018 IEEE 29th Annual International symposium on personal, indoor and mobile radio communications (PIMRC), (Piscataway, NJ: IEEE), 17–21.

Eger, L., Komárková, L., and Zákružná, V. (2021). Perceptions of personalization in company-consumer interactions on social network: Experiment conducted in the Czech republic. Ekon. Manage. 24, 153–170. doi: 10.15240/tul/001/2021-2-010

El-Sayed, A., and El-Fanagely, B. R. (2022). The importance of digital lightening fashion technique in creating innovative fashion marketing. Int. Des. J. 12, 119–136.

Erskine, N., and Hendricks, S. (2021). The use of twitter by medical journals: Systematic review of the literature. J. Med. Internet Res. 23:e26378. doi: 10.2196/26378

Feldman, R. (2013). Techniques and applications for sentiment analysis. Commun. ACM 56, 82–89. doi: 10.1145/2436256.2436274

Feldman, R., and Sanger, J. (2007). The text mining handbook: Advanced approaches in analyzing unstructured data. Cambridge: Cambridge University Press.

Garcia, K., and Berton, L. (2021). Topic detection and sentiment analysis in Twitter content related to COVID-19 from Brazil and the USA. Appl. Soft Comput. 101:107057. doi: 10.1016/j.asoc.2020.107057

Ghiassi, M., Skinner, J., and Zimbra, D. (2013). Twitter brand sentiment analysis: A hybrid system using n-gram analysis and dynamic artificial neural network. Expert Syst. Appl. 40, 6266–6282. doi: 10.1016/j.eswa.2013.05.057

Hassouneh, D., and Brengman, M. (2011). Shopping in virtual worlds: Perceptions, motivations, and behavior. J. Electron. Commer. Res. 12, 320–335.

Hofmann, T. (1999). Probabilistic latent semantic indexing. In Proceedings of the 22nd annual international ACM SIGIR conference on Research and development in information retrieval. (New York, NY: Association for Computing Machinery). 50–57.

Hollensen, S., Kotler, P., and Opresnik, M. O. (2022). Metaverse–the new marketing universe. J. Bus. Strategy doi: 10.1108/JBS-01-2022-0014

Hopkins, E. (2022). Machine learning tools, algorithms, and techniques. J. Self Gov. Manage. Econ. 10, 43–55. doi: 10.22381/jsme10120223

Jain, R., Jain, K., Behl, A., Pereira, V., Del Giudice, M., and Vrontis, D. (2022). Mainstreaming fashion rental consumption: A systematic and thematic review of literature. J. Bus. Res. 139, 1525–1539. doi: 10.1016/j.jbusres.2021.10.071

Jelodar, H., Wang, Y., Yuan, C., Feng, X., Jiang, X., Li, Y., et al. (2019). Latent Dirichlet allocation (LDA) and topic modeling: Models, applications, a survey. Multimed. Tools Appl. 78, 15169–15211. doi: 10.1007/s11042-018-6894-4

Jenkins, T. (2022). Immersive virtual shopping experiences in the retail metaverse: Consumer-driven E-Commerce. Blockchainbased digital assets, and data visualization tools. Linguist. Philos. Invest. 21, 154–169. doi: 10.22381/lpi21202210

Jeon, H. J., Youn, H. C., Ko, S. M., and Kim, T. H. (2022). “Block chain and AI meet in the metaverse,” in Proceedings of the advances in the convergence of block chain and artificial intelligence, Vol. 73 (London: IntechOpen), 73–76. doi: 10.5772/intechopen.99114

Jia, J. (2010). Statistics. 2 ed. Beijing: Renmin University of China.

Joy, A., Zhu, Y., Peña, C., and Brouard, M. (2022). Digital future of luxury brands: Metaverse, digital fashion, and non-fungible tokens. Strateg. Change 31, 337–343. doi: 10.1002/jsc

Kalbaska, N., Sádaba, T., and Cantoni, L. (2018). Fashion communication: Between tradition and digital transformation. Stud. Commun. Sci. 18, 269–285. doi: 10.24434/j.scoms.2018.02.005

Kamel, A. P. D. M. S., and Mohamed, A. (2021). The impact of digital fashion on fashion designers in light of the current digital revolution. New Cairo: The Higher Institute of Applied Arts, 5th settlement. doi: 10.21608/jsos.2021.91785.1056

Karamalak, O., Kalbaska, N., and Cantoni, L. (2021). What do hashtags afford in digital fashion communication? An exploratory study on Gucci-related hashtags on Twitter and Instagram. Semiotica 2021, 325–351. doi: 10.1515/sem-2019-0114

Kendall, G. (2014). The fashion game. London: Pearson Higher Education.

Kim, D. S., and Kim, J. W. (2014). Public opinion sensing and trend analysis on social media: A study on nuclear power on Twitter. Int. J. Multimed. Ubiquitous Eng. 9, 373–384. doi: 10.14257/ijmue.2014.9.11.36

Kim, H., Cho, I., and Park, M. (2022). Analyzing genderless fashion trends of consumers’ perceptions on social media: Using unstructured big data analysis through Latent Dirichlet Allocation-based topic modeling. Fashion Text. 9, 1–21. doi: 10.1186/s40691-021-00281-6

Kim, Y. (2021). Advertising in the metaverse: Research agenda. J. Interact. Advert. 21, 141–144. doi: 10.1080/15252019.2021.2001273

Kliestik, T., Zvarikova, K., and Lãzãroiu, G. (2022). Data-driven machine learning and neural network algorithms in the retailing environment: Consumer engagement, experience, and purchase behaviors. Econ. Manage. Financ. Mark. 17, 57–69. doi: 10.22381/emfm17120224

Krippendorff, K. (2018). Content analysis: An introduction to its methodology. Thousand Oaks, CA: Sage Publications.

Krishna, K., and Murty, M. N. (1999). Genetic K-means algorithm. IEEE Trans. Syst. Man Cybern. Part B (Cybernetics) 29, 433–439. doi: 10.1109/3477.764879

Krumm, J., Davies, N., and Narayanaswami, C. (2008). User-generated content. IEEE Pervasive Comput. 7, 10–11.

Lang, C., Li, M., and Zhao, L. (2020). Understanding consumers’ online fashion renting experiences: A text-mining approach. Sustain. Prod. Consum. 21, 132–144. doi: 10.31274/itaa.8332

Lee, J. Y. (2021). A study on metaverse hype for sustainable growth. Int. J. Adv. Smart Conv. 10, 72–80. doi: 10.7236/IJASC.2021.10.3.72

Lee, S. H., Jung, C., and Kim, J. W. (2016). Sentiment analysis on movie review through building modifed sentiment dictionary by movie genre. Korea Intell. Inf. Syst. Soc. 22, 97–113. doi: 10.13088/jiis.2016.22.2.097

Lies, J. (2019). Marketing intelligence and big data: Digital marketing techniques on their way to becoming social engineering techniques in marketing. Int. J. Interact. Multimed. Artif. Intell. 5, 134-144. doi: 10.9781/ijimai.2019.05.002

Likas, A., Vlassis, N., and Verbeek, J. J. (2003). The global k-means clustering algorithm. Pattern recognition 36, 451–461. doi: 10.1016/S0031-3203(02)00060-2

Lim, W. Y. B., Xiong, Z., Niyato, D., Cao, X., Miao, C., Sun, S., et al. (2022). Realizing the metaverse with edge intelligence: A match made in heaven. arXiv [preprint] doi: 10.48550/arXiv.2201.01634

LYSTinsight (2021). Digital fashion report. Available online at: https://www.lyst.com/data/digital-fashion-report/

Melnikova, E. (2021). The metaverse: The next consumer connection. London: Business Reporter.

Ming, X., Huiyu, S., Yi, X., and Lili, L. (2022). Popular topic mining and knowledge graph analysis in statistics based on LDA model. J. Huazhong Norm. Univ. Nat. Sci. Ed. 56, 781–788.

Moon, S. H. (2022). The impact of metaverse development and application on industry and society. J. Conv. Cult. Technol. 8, 515–520. doi: 10.17703/JCCT.2022.8.3.515

Morse, A., and Stein, S. (2022). The metaverse is just getting started: Here’s what you need to know. San Fransico, CA: CNET.

Nica, E., Poliak, M., Popescu, G. H., and Pârvu, I. A. (2022a). Decision intelligence and modeling, multisensory customer experiences, and socially interconnected virtual services across the metaverse ecosystem. Linguist. Philos. Invest. 21, 137–153. doi: 10.22381/lpi2120229

Nica, E., Sabie, O.-M., Mascu, S., and Luţan, A. G. (2022b). Artificial intelligence decision-making in shopping patterns: Consumer values, cognition, and attitudes. Econ. Manage. Financ. Mark. 17, 31–43. doi: 10.22381/emfm17120222

Ning, H., Wang, H., Lin, Y., Wang, W., Dhelim, S., Farha, F., et al. (2021). A survey on metaverse: The state-of-the-art, technologies, applications, and challenges. arXiv [preprint] doi: 10.48550/arXiv.2111.09673.

Nobile, T. H., and Cantoni, L. (2021a). “Digital fashion communication: An explorative study of fashion newsletters,” in Proceedings of the International Conference on Human-Computer Interaction, (Cham: Springer), 326–339.

Nobile, T. H., and Kalbaska, N. (2020). “An exploration of personalization in digital communication. insights in fashion,” in Proceedings of the international conference on human-computer interaction, (Cham: Springer), 456–473. doi: 10.1007/978-3-030-50341-3_35

Nobile, T. H., Kalbaska, N., Oliveira, R. A. D., and Cantoni, L. (2021). Digital fashion competences: A longitudinal study. In fashion communication. Cham: Springer, 17–28. doi: 10.1007/978-3-030-81321-5_2

Noris, A., Nobile, T. H., Kalbaska, K., and Cantoni, L. (2021). Digital fashion: A systematic literature review. A perspective on marketing and communication. J. Global Fashion Mark. 12, 32–46. doi: 10.1080/20932685.2020.1835522

Noris, A., SanMiguel, P., and Cantoni, L. (2020). “Localization and cultural adaptation on the web: An explorative study in the fashion domain,” in Proceedings of the international conference on human-computer interaction, (Cham: Springer), 474–492. doi: 10.1007/978-3-030-50341-3_36

Oh, Y. J., and Chae, S. H. (2015). Movie rating inference by construction of movie sentiment sentence using movie comments and ratings. J. Internet Comput. Serv. 16, 41–48. doi: 10.7472/jksii.2015.16.2.41

Papadimitriou, C. H., Raghavan, P., Tamaki, H., and Vempala, S. (2000). Latent semantic indexing: A probabilistic analysis. J. Comput. Syst. Sci. 61, 217–235. doi: 10.1006/jcss.2000.1711

Park, S., and Kang, Y. J. (2021). A study on the intentions of early users of metaverse platforms using the technology acceptance model. J. Digit. Conv. 19, 275–285. doi: 10.14400/JDC.2021.19.10.275

Power, A. (2015). Twitter’s potential to enhance professional networking. Br. J. Midwifery 23, 65–67. doi: 10.12968/bjom.2015.23.1.65

Prakash, D., Ghosh, S., Deborah, S. A., and Chandran, K. S. (2020). Virtual fashion mirror. in proceedings of the 2020 4th international conference on computer, communication and signal processing (ICCCSP). Piscataway: IEEE, 1–4. doi: 10.1109/ICCCSP49186.2020.9315257

Ramadan, Z., and Nsouli, N. Z. (2022). Luxury fashion start-up brands’ digital strategies with female gen Y in the middle east. J. Fashion Mark. Manage. 2, 247–265. doi: 10.1108/JFMM-10-2020-0222

Rehm, S. V., Goel, L., and Crespi, M. (2015). The metaverse as mediator between technology, trends, and the digital transformation of society and business. J. Virtual Worlds Res. 8, 1–6. doi: 10.4101/jvwr.v8i2.7149

Ren, L., Zhu, B., and Xu, Z. (2021). Robust consumer preference analysis with a social network. Inform. Sci. 566, 379–400. doi: 10.1016/j.ins.2021.03.018

Ribeiro-Navarrete, S., Saura, J. R., and Palacios-Marqués, D. (2021). Towards a new era of mass data collection: Assessing pandemic surveillance technologies to preserve user privacy. Technol. Forecast. Soc. Change 167:120681. doi: 10.1016/j.techfore.2021.120681

Roberts-Islam, B. (2020). How digital fashion could replace fast fashion, and the startup paving the way. Forbes 21:2020.

Ryan, K. (2020). Digital fashion – exploring the impact of an integrated graduate internship programme in higher education: A UK case study. Int. J. Fashion Design Technol. Educ. doi: 10.1080/17543266.2020.1798513

Saura, J. R. (2020). Using data sciences in digital marketing: Framework, methods, and performance metrics. J. Innov. Knowl. 6, 92–102. doi: 10.1016/j.jik.2020.08.001

Saura, J. R., Palacios-Marqués, D., and Ribeiro-Soriano, D. (2022). Exploring the boundaries of open innovation: Evidence from social media mining. Elsevier.

Saura, J. R., Ribeiro-Soriano, D., and Palacios-Marqués, D. (2021). From user-generated data to data-driven innovation: A research agenda to understand user privacy in digital markets. Int. J. Inform. Manag. 60:102331. doi: 10.1016/j.ijinfomgt.2021.102331

Sayem, A. S. M. (2022). Digital fashion innovations for the real world and metaverse. Int. J. Fashion Design Technol. Educ. 15, 139–141. doi: 10.1080/17543266.2022.2071139

Sefidabi, H. (2022). Digital fashion: The redemption of inclusivity?. Available online at: https://www.politesi.polimi.it/handle/10589/187332 (accessed August 1, 2022).

Sheehan, K. B. (2002). Toward a typology of internet users and online privacy concerns. Inf. Soc. 18, 21–32. doi: 10.1080/01972240252818207

Shen, B., Tan, W., Guo, J., Zhao, L., and Qin, P. (2021). How to promote user purchase in metaverse? A systematic literature review on consumer behavior research and virtual commerce application design. Appl. Sci. 11:11087. doi: 10.3390/app112311087

Sina, A. S., and Wu, J. (2022). The effects of retail environmental design elements in virtual reality (VR) fashion stores. Int. Rev. Retail Distrib. Consum. Res. 32, 1–22. doi: 10.1080/09593969.2022.2049852

Srivastava, A. N., and Sahami, M. (Eds.) (2009). Text mining: Classification, clustering, and applications. Boca Raton, FL: CRC Press.

Thelwall, M. (2001). Extracting macroscopic information from web links. J. Am. Soc. Inform. Sci. Technol. 52, 1157–1168. doi: 10.1002/asi.1182

Toraman, Y. (2022). User acceptance of metaverse: Insights from technology acceptance model (TAM) and planned behavior theory (PBT). EMAJ 12, 67–75. doi: 10.5195/emaj.2022.258

Valeri, M., and Baggio, R. (2021). Italian tourism intermediaries: A social network analysis exploration. Curr. Issu. Tour. 24, 1270–1283. doi: 10.1080/13683500.2020.1777950

Vãtãmãnescu, E. M., Dabija, D. C., Gazzola, P., Cegarro-Navarro, J. G., and Buzzi, T. (2021). Before and after the outbreak of covid-19: Linking fashion companies’ corporate social responsibility approach to consumers’ demand for sustainable products. J. Clean. Prod. 321:128945. doi: 10.1016/j.jclepro.2021.128945

Vidal-Tomás, D. (2022). The new crypto niche: NFTs, play-to-earn, and metaverse tokens. Finance Res. Lett. 47:102742. doi: 10.1016/j.frl.2022.102742

Wu, J., Joo, B. R., Sina, A. S., Song, S., and Whang, C. H. (2022). Personalizing 3D virtual fashion stores: An action research approach to modularity development. Int. J. Retail Distrib. Manag. 3, 342–360. doi: 10.1108/IJRDM-08-2020-0298

Xiao, Ming, Shang, Huiyu, Xiao, Yi, and Liao, Lili (2022). Popular topic mining and knowledge graph analysis in statistics based on LDA model. J. Huazhong Nor. Univ. Nat. Sci. Edn. 56, 781–788.

Xue, L., Parker, C. J., and Hart, C. (2020). How to design fashion retail’s virtual reality platforms. Int. J. Retail Distrib. Manag. 10, 1057–1076. doi: 10.1108/IJRDM-11-2019-0382

Zhang, L. (2019). An analysis of overseas readers’ perceptions and acceptance of Chinese translated literature: Taking the English translation of “The Three Body Problem” as an example. Stud. Foreign Lang. 4, 80–86. doi: 10.13978/j.cnki.wyyj.2019.04.034

Zhao, L., Liu, S., and Zhao, X. (2021). Big data and digital design models for fashion design. J. Eng. Fibers Fabr. 16:15589250211019023. doi: 10.1177/15589250211019023

Zhou, L., Yang, W., and Zhang, Y. (2014). Co-occurrence matrix cluster analysis: Problems and rethinking. J. Intell. 33, 32–36.



OPS/xhtml/Nav.xhtml




Contents





		Cover



		Public perceptions of digital fashion: An analysis of sentiment and Latent Dirichlet Allocation topic modeling



		Introduction



		Literature review



		Research methodology



		Research design



		Research methods of data collection and analysis



		Co-occurrence matrix



		Latent Dirichlet Allocation topic analysis



		Latent Dirichlet Allocation topic analysis



		Sentiment analysis











		Results and analysis



		Discussion



		Text analysis—Information mining—Keyword extraction—Industry trend prediction



		Text analysis—Information mining—Sentiment judgment—Market judgment



		Text analysis—Information mining—Information integration—Strategy adjustment







		Conclusion



		Theoretical contributions



		Managerial contributions



		Limitations and future research







		Data availability statement



		Author contributions



		Conflict of interest



		Publisher’s note



		References

















OPS/images/cover.jpg
’ frontiers | Frontiers in Psychology












OPS/images/fpsyg-13-986838-g004.jpg
A Selected Topic: 0

Selected Topic: 0

| Previous Topic || Next Topic || Clear Topic |

Intertopic Distance Map (via multidimensional scaling)

PC2

PC1

Marginal topic distribution
_-;\-7"”“’5‘1 .

2%
5%

| Previous Topic || Next Topic || Clear Topic |

Intertopic Distance Map (via multidimensional scaling)

PC2

PC1

Marginal topic distribution

——
> s

Slide to adjust relevance metric:(2) | ' l
%=1 00 02 04 06

Top-30 Most Relevant Terms for Topic 1 (40% of
0 10,000 20,000 30,000 4

vinal [ 4
. =

fashion [N
digital [l
industry =
people [l
real i
clothes [l

amp
future I

brands |
clothing [l
video
sustainable [}
art
business Il
metaverse |
pandemic l
time
tickets i
events |
design [ I
love
read .
learn |
online |
true
worlds l

~ Overall term frequency

I Estimated term frequency within the selected topic

1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics
2. relevance(term w | topic t) = A * p(w | t) + (1 - ) * p(w | )/p(w); see Sievert &

Slide to adjust relevance metric:(2) I I ' |
A=1 00 02 04 06

Top-30 Most Relevant Terms for Topic 1 (82.5% o
0 500 1,000 1,500

.
fashion |

nft §
love
stay
change
article
crypto
collection
industry
sustainable
illustration
designer

~ Overall term frequency

I Estimated term frequency within the selected topic

1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics
2. relevance(term w | topict) = A* p(w | t) + (1 - A) * p(w | t)/p(w); see Sievert &






OPS/images/fpsyg-13-986838-g003.jpg
L5

0.4
0.2 -
0.0
~0.2
®
0.4 ; : : : :
0.0 0.2 0.4 0.6 0.8






OPS/images/logo.jpg
’ frontiers ‘ Frontiers in Psychology






OPS/images/fpsyg-13-986838-g002.jpg
Tropical
Prevalence Core language model Topical content parameters
parameters

OHO+O— @O0

a 6 Zan Wan N B n

Proportions  Per-document Per-word Observed Tobi Topic
parameter topic proportions topic assignment  word s parameter






OPS/images/fpsyg-13-986838-g001.jpg
The public's perception about digttal fashion and virtual fashion

I Text data
3 BOSPONS crawlng
. W
Data cleansmg (:.)rk'
tokenization

Data processing
and analys1s

—>  The number of the public's posts

Stop word | Word
removal lemmatization

Clustering analysss
by Kmeans

| _l:: Classifed groups of key clusters

Determme the number of topics

I -

Topic modelng
(LDA algorithm)

Model selection

Topic keywords/labeling

— Network semantics

b

Sentiment analys s

Analysis of the emotional

tendency of the text

Contents and related posts

Discussion and conclusion






OPS/images/fpsyg-13-986838-e000.jpg
M

JGe, /mp) = 3 llxi = mug|

i=1






OPS/images/fpsyg-13-986838-t001.jpg
Description

Analyzing stakeholders in the fashion industry, designing or testing products, and making

changes to digital marketing strategies
The public response to the four global fashion weeks and the fashion trends revealed by them

Audience perception mining using computer technology was conducted to investigate the
impact of COVID-19 on the fashion industry

Consumer experience with online fashion rentals

Customer data analysis and can assist companies or brands in determining customer buying

tendencies and preferences based on objective data
Demonstrate consumers’ perceptions of gender-less fashion

Customer brand perception and satisfaction

Online purchase decision-making algorithms

Methods

Data mining-based topic modeling

Text data analysis

Structural equation modeling (SEM)
techniques

LDA topic modeling and a
co-occurrence network

Artificial neural network algorithms

Text data analysis

AMSTAR, Dedoose, Distiller SR, and
SRDR.

AMSTAR, Distiller SR, ROBIS, and
SRDR.

Authors

Choi et al., 2021

Choi et al., 2021

Vitimanescu et al., 2021

Lang et al,, 2020

Nica et al., 2022a

Kim et al., 2022
Kliestik et al., 2022

Hopkins, 2022





OPS/images/fpsyg-13-986838-g007.jpg
pos

4.21%

BN pos
‘v:‘.l neu
N neg

i

pos
neg





OPS/images/fpsyg-13-986838-g006.jpg
blockec






OPS/images/fpsyg-13-986838-g005.jpg
O pm,
2 game
L tean
03
- e
T
o - —
watch 8 -*q-; o house
event 2 =0 3w online
freeworlds - E.-U S talk - R
""""day -3 community ~——tomorros Jo | n
artist a t real tlr::k
wr-follu
c?:oa'}n SR ey pl atf%ﬁﬁd
S L Bcol lection
3 e - ¥ "
] ° - 9
0§ g - 3
N ke g 5
«© .
°"-5 real lity® |Ove|t l,c,“,,;;, pro;ect “"'“{";‘:e
-2 e g é march
- ead “"“ wdrop
dress
deo experuence““"physucal art live

pOOD'e cOﬂHﬂz d Bnarketp lace 8 tsncaker des ' gn
wear
stylewee future

sstainable [€Arn € Iothe outf t mode | wearable

sustainable check
col lection

business shikgs

peop'e‘ufveyed '”oft trend amp mo d e I S
cointelegraph™ nft week risine

bullish coming
g o a p.ml '.“

popularity

§
s
designer v ® network U
design
wear ing r
- O | e S

excited

“metaverseﬂ“

ockchalnenab ed

“--brand

create-

industry





OPS/images/cross.jpg
@ Check for updates.





OPS/images/fpsyg-13-986838-t007.jpg
Comments Scores Compound Negative

Scared “neg”: 1.0 -0.4404 1
Wrong “neg’: 1.0 -0.4767 1
Fuck fuck fuck digital fashion “neg”: 0.893 -0.9776 0.893
fucking retarded fuck fuck fuck

Falling hell mind “neg”: 0.861 -0.7351 0.861
Fud fashion fear “neg”: 0.841 -0.6486 0.841
Fuck kill game sneaky access “neg”: 0.835 -0.8779 0.835
Rstlss discord missing “neg”: 0.831 -0.5994 0.831
Hell window “neg”: 0.821 -0.6808 0.821
Killed sold “neg”: 0.818 -0.6705 0.818






OPS/images/fpsyg-13-986838-t006.jpg
User name

BTS_twt

LouisVuitton

Louis_Tomlinson

Yourubamagician

Elonmusk

Silkenhearts

Aespa_official

Kourtinthakut

Slickjit

2021-01-21

12

:39:18

2021-07-07

10:

:00:01

2020-12-07

18
202

00

202

22,

202

06

202

15:

202

18:

:03:53

-02-24
11:08
-04-09
24:01
-06-13
16:38
-09-28
00:09
-01-07
07:00

202

20:

-06-27
45:04

Issuing time Number of

likes

2,531,067

1,202,676

498,052

486,576

330,820

224,227

165,730

158,241

150,071

Number of Forwarding Contents

comments

129,587

11,868

80,560

3,989

5,103

330

3,496

313

299

number

588,114

310,589

60,460

113,894

24,733

33,774

73,611

29,251

17,025

https://t.co/lyCKO3PZTIx

Louis Vuitton presents the men’s fall-winter 2021 collection by Virgil Abloh
in Seoul featuring house ambassadors BTS. https://t.co/tsAokz511d

Hope everyone is doing good! Excited for the show!

Yo who let their dad on tiktok???? https://t.co/TWjajnSJjj

Its all about the cufflinks https://t.co/elccqCOZuf

The original it girls https://t.co/yFiiS891Za

Aespa 2T (Savage] 22} ¢HallucinationQuest hitps:/t.co/Bxp9a0Hk8w

Conversation pits, 1970 https://t.co/EoORWw8RQJY

Sent him my outfit n he said cute who want me? like fr





OPS/images/fpsyg-13-986838-t008.jpg
Comments

Love love

Fascinates creative fun
Beautiful wow

Hope win

Gn sweet dream
Supporting friend
Congrats innovation
Wonderful creation

Dear engagement

Scores

o ©o ©o o o o o o

=)

Compound

0.8555
0.8481
0.8271
0.7717
0.7351
0.7269
0.7184
0.7003
0.6808

Positive






OPS/images/fpsyg-13-986838-t003.jpg
Rank

O 0 NN N U R W N =

e e e e
S N T =]

Word

Fashion
Virtual
Digital
Amp
Metaverse
Week

Nft
Future
Join
Industry
Collection
Nfts
Brands
Event

Pm

Frequency Rank

46,071
24,043
21,811
7,253
5,296
4,406
3,113
2,744
2,694
2,423
2,420
2,385
2,290
2,037
1,906

16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

Word

Design
Brand
Art
Check
Real
Designer
Time
Global
Designers
Live
People
Physical
Online
Day

Love

Frequency

,884
,883
,683
,672
,635
,549
,482
,480
470
454
423
,388
,383
,319
,304






OPS/images/fpsyg-13-986838-t002.jpg
User name Issuing time Number of Numberof Forwarding Contents

likes comments number
Gastt_fashion 2022-03-21 296,402 918 38,252 Footwear design by Davina India. https://t.co/K1EJzw3bNI
18:30:18
Gastt_fashion 2022-03-21 296,402 918 38,252 Footwear design by Davina India. https://t.co/K1EJzw3bNI
18:30:18
Delorestaurus 2021-07-25 225,881 396 25,576 After the era of malls ends eventually someone will say what if we shopped
00:34:32 online, but in real life? And then malls will be reinvented
Ukraine 2022-02-26 214,482 11,384 57,959 Stand with the people of Ukraine. Now accepting cryptocurrency donations.
5:29:09 Bitcoin, Ethereum and USDT.
Aespa_official 2021-09-25 99,889 4,080 90,482 Aespa =T (Savage)d & https://t.co/dTIcVZuNge
5:00:03
Aespa_officia 2021-09-25 91,759 3,782 84,367 Aespa =T (Savage] o #Savage #8 2EHOIE 4SYNKDIVE
5:00:02 https://t.co/EKruWVS31X
Aespa_officia 2021-09-25 91,759 3,782 84,367 Aespa AT (Savage)] 3 THOIE 4Gayage #8 2EHOIE 4GYNKDIVE
5:00:02 https://t.co/EKruWVS31X
Aespa_officia 2021-09-25 76,454 2,877 77,308 Aespa Ol 2T [Savage) 3 CHO|2 ¢ WINTER # 2 H
5:00:06 https://t.co/ GRCRofAHwt
Aespa_officia 2021-09-25 73,798 3,163 74,748 Aespa 2T (Savage)] 3 THOIE 4Gayage # 8 2EHOIE 4GYNKDIVE
5:00:08 https://t.co/CftkF2IDEN






OPS/images/fpsyg-13-986838-t005.jpg
Comments

Power data digital fashion design

Flexi remote UK based email cv

amp folio event

Metaverse reviving art fashion

illustration
Global digital fashion daily stories
Power data digital fashion design

Digital fashion menu week dcl
fashion voting digital fashion
digest digital alchemist series
hosted fabricant label preview nft
berlin

Happening fashion industry
answer learn

Emerging metaverse spaces
digital real estate developer agent
digital fashion designer usable
games virtual event manager
normalized people shifting

Caco designer

Global digital fashion daily stories

Scores
“neu”: 1.0
“neu”: 1.0
“neu”: 1.0
“neu”: 1.0
“neu”: 1.0
“neu”: 1.0
“neu”: 1.0
“neu”: 1.0
“neu”: 1.0
“neu”: 1.0

Compound Neutral






OPS/images/fpsyg-13-986838-t004.jpg
Topics

1.1 Era, group, and attitude involved
in virtual fashion/digital fashion

1.2 It mainly reflect the fashion
context involved in virtual

fashion/digital fashion

1.3 It mainly refers to the time,
occasion, and descriptive words
mentioned in the post

2.1 The present situation and
development trend of virtual
fashion/digital fashion

2.2 Industry or content involved in

virtual fashion/digital fashion

2.3 Impact of digital/virtual fashion
on peoples life and the world

Keywords

Virtual, fashion, digital, industry,
people, real, clothes, future, students,
event, brands, clothing, video,
sustainable art, business, metaverse,
pandemic, time, events, design, love,
read, learn, online, true, and worlds

Virtual, fashion, week, digital, design,
reality, experience, party, online,

metaverse, collection, showcase,
designers, brand-runway, designer,
brands-store, platform, style, New York,
art, London, luxury, nft, shop, and app

pm, event, register, live, link, week,
holiday, day, free, November, march,
tomorrow, red, watch, time, Friday,
carpet, tonight, style, amazing, night,
annual, zoom, Saturday, and Instagram
Fashion, digital, daily, global, stories,
future, meta verse, virtual, nfts, week,
brands, models, business, creates,
blockchain enabled, check, network, nft,
love, stay, change, article, crypto,
collection, industry, sustainable,
illustration, and designer

Digital, future, fashion, global,

blockchain, nfts, daily, stories, read,

luxury, report, sense, metaverse,
investing, gaming, thinking, bright,
summit, potential, article, amazing,
industry, virtual, brands, wearing,
surveyed, people, and nft

Daily, global, inside, international,
virtual, future, stories, scenes, week,
summit, investing, launches, clo, county,
galveston, community, register, creators,
speaking, news, tech, trends, emagazine,
visualize, fabrics, relatable, and lives





