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1 Introduction 

There exists great heterogeneity in the literature regarding both the definition and the 

operationalization of employment precariousness (EP) [1, 2]. Most authors agree that 

EP is a multi-dimensional concept. However, the literature on EP is defined by two 

distinct approaches to the concept [3]. On the one hand, EP can be defined as relating 

to the objective contractual arrangement, which we will refer to as ‘objective EP’ or 

relating to an individual’s experience, which we will refer to as ‘subjective EP’ [3, 4]. 

In this abstract, we present our approach to use AI techniques, specifically classification 

algorithms and topic modelling, to produce a data-driven operationalization of EP.  

The rise of social media to communicate has impacted the relationship between em-

ployees and employers [5]. However, limited research has been done to evaluate how 

employees might communicate about work on social media [6]. Social media data is an 

under-researched source of data to understand the ways in which work is experienced 

[7]. Thus, it is unclear how theoretically and data-driven definitions of EP, such as such 

EPRES-E and subjective EP, compare to data ‘in the wild.’  

In this study we aim to answer the following research question: How do prevalent 

topics discussed in relation to EP compare to both the objective and subjective defini-

tions of EP? Additionally, we aim to determine whether and how we can determine the 

dimensions of both subjective and objective EP discussed in user-generated data.  

2 Plan for data analysis 

The proposed pipeline of our data analysis can be found in Figure 1. 

 

2.1 Data collection and cleaning 

We will develop a list of keywords based on definitions of EP used in scientific litera-

ture. This list of keywords will then be used to scrape posts and comments from work-

related forums. Before performing any analyses, all documents will be tokenized. Ad-

ditionally, the documents will all be formatted in lower case letters and emoticons, 

punctuation and numbers will be removed. Lastly, stop words (such as ‘and’ ‘a’ and 

‘the’) will be removed. This will result in a dataset of documents (D). 
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2.2 Topic classification 

We will use topic classification at multiple points in our study. First, we will use topic 

classification (Classification model 1, CM1) to identify relevant documents in which 

EP is discussed, thereby creating a dataset of relevant documents (D1). Second, we 

will use topic classification to determine the dimensions of both subjective EP (CM2) 

and objective EP (CM3) discussed in these relevant user-generated documents, result-

ing in two sets of labelled documents (D2 and D3). Each of our classification models 

(CM1 to CM3) will be trained on manually labelled datasets (L2 and L3). We will use 

ROBERTa (Robustly Optimized BERT Pretraining Approach) [8], a pretrained model 

of which the parameters can be fine-tuned by using labelled data [9]. In the past, 

ROBERTa has been used to classify Tweets regarding hybrid working as positive, 

neutral, or negative by Trivedi and Patel [10]. The performance of the models (CM1 – 

CM3) will be measured using Accuracy, Recall and F1-score.  

2.3 Topic modelling 

In this study, we will use a Bi-term topic modelling (BTM) approach to identify di-

mensions of EP that individuals use to discuss their employment online. By using the 

word-co-occurrence patterns in the whole corpus to generate topics, the issues with 

sparsity at document-level that occur when using methods such as LDA, are bypassed 

[11]. Bi-term topic modelling has been used to identify latent clusters of skill profiles 

in job listings [12] and thus might also be suitable for the current study. To determine 

the optimal number of topics, we will generate models ranging from 2 to 12 topics 

(K=2 to K=12). We will use both pointwise mutual information (PMI) and Diversity, 

to determine the quality of the model [13]. Additionally, we will focus on the inter-

pretability of each topic, whether the topics identified are sufficiently distinct and the 

degree to which the words in the topics overlap [13]. After we have determined our 

final topic model (FTM), the dimensions identified by the model (FTM) will be com-

pared to the dimensions of both objective and subjective EP.  

     

 

 

 

 

 

 

 

Fig. 1. Proposed pipeline 
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