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In today's digital environments, users face an overwhelming number of choices – whether selecting 
a product on Amazon, content to consume on Netflix, or following a new account on Instagram. 
Recommender Systems (RS) have emerged as vital tools for helping users navigate this abundance 
by filtering and ranking items based on inferred preferences. In parallel, econometric choice models, 
though simpler but grounded in theory instead of data, have long been used to predict consumer 
behavior and optimize managerial decisions such as pricing, product design, and assortment plan-
ning. As both fields increasingly address similar problems (selecting and presenting items to users 
or customers) there is a growing intersection between both research fields. At their core, both RS 
and choice-based optimization aim to solve a selection problem e.g. deciding which subset of items 
to present from a larger pool of alternatives. In choice-based optimization, this selection is typically 
guided by clearly defined business objectives (e.g., maximizing expected revenue) and subject to 
explicit constraints (e.g. shelf space, inventory, or marketing budgets). In contrast, RS focus on iden-
tifying and ranking items based on their predicted appeal to individual users. These systems opti-
mize for user-centric goals like engagement, satisfaction, or retention, which are not always directly 
aligned with firm-side goals. Furthermore, RS often incorporate additional design criteria, such as 
diversity, novelty, and catalogue coverage, to enhance the quality of recommendations. However, 
these criteria are not included explicitly as constraints but implicitly during model training. Some 
researchers therefore view RS as a form of assortment personalization system, where each user is 
dynamically offered a tailored subset of the full catalogue, similar in spirit to assortment optimiza-
tion but driven by different objectives and techniques. Despite these conceptual overlaps, the rela-
tionship between RS and choice-based optimization remains underexplored. While it is often 
acknowledged in the literature, it is rarely analyzed in depth. This gap presents a compelling oppor-
tunity to bring together insights from both fields and to explore how their integration can create 
more effective, user-aware, and business-aligned decision-making systems.  

This thesis will critically examine the relationship between RS and choice-based optimization, with 
a particular focus on how these fields can complement and inform one another, especially in the 
context of personalization. To this end, the thesis will begin by introducing the fundamentals of 
discrete choice models and choice-based optimization, alongside a comprehensive overview of RS, 
including collaborative filtering, content-based filtering, and hybrid approaches. Literature at the 
intersection of RS and choice-based optimization will be critically reviewed to assess the conceptual 
and methodological relationships between the two fields, evaluating their respective strengths and 
weaknesses, and areas of divergence and convergence. Following this it will be discussed how 
deeper integration might benefit both fields. To illustrate the benefits of this integration in practice, 
a suitable approach integrating RS and choice-based methods, will be explained in detail and imple-
mented using a publicly available real-world dataset (e.g. Expedia Hotel Recommendations, H&M 
Personalized Fashion, OTTO Recommender System, Santander Financial Product Recommendation, 
…). Finally, the thesis will identify open research gaps at the intersection of these domains and out-
line promising directions for future work. 



   
	

 

The objectives of the thesis are to:  

• Introduce the theoretical foundations of RS and choice-based optimization. 
• Critically review literature at the intersection of RS and choice-based optimization. 
• Discuss the potential benefits of deeper integration between RS and choice-based optimiza-

tion, particularly in the context of personalization. 
• Choose a suitable model that combines elements of both fields and explain it in detail before 

implementing it using a publicly available real-world dataset. 
• Identify open research gaps and outline future research directions. 

 

Requirements 

• OPM 781  
• Profound knowledge in Operations Research  
• Excellent analytical skills and an ability to transform real-world business problems into Opera-

tions Research models 

Administrative information for writing a master thesis at the Chair of Service Operations Manage-
ment can be found here. 
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