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The rapid developments in AI have contributed to a significant increase in the pace and volume 
of research in computer science. This growth has been accompanied by evolving publication 
practices enabling faster dissemination of results, increasingly relying on preprints and code 
sharing (Peng, 2011; Zhou et al., 2025; Cavenaghi et al., 2023). Although these practices are 
commonly intended to enhance transparency and reproducibility, we argue that they may 
produce unintended effects and undermine replicability. While reproducibility is treated as the 
cornerstone of current computer science research, the more fundamental question is whether 
research results truly can be trusted. Furthermore, the described tension between reproducibility 
and replicability opens up broader questions about the trustworthiness of computer science 
research, particularly in the context of trustworthy AI. If such systems are understood as 
socio-technical systems, whose reliability depends on technical, organizational, and epistemic 
practices, then the trustworthiness of AI cannot be separated from the trustworthiness of the 
scientific practices through which these systems are produced and validated. 
 
We demonstrate how the re-use of code and evaluation methodologies in reproducibility studies 
facilitates the propagation of inaccuracies, including logical and implementation errors. We show 
these effects on a case study of a coherent line of five follow-up publications on multi-objective 
recommender systems (Xin Xin et al., 2025; Stamenkovic et. al., 2022; Paparella et al., 2023; 
Labarca Silva et al., 2024; Rajapakse and Jannach, 2025). We suggest that our observations 
are not just another example of questionable research practice or coincidental errors. Instead, 
they highlight structural vulnerabilities in current experimental practices that can be better 
understood in light of the two general tensions present in contemporary computer science 
research.  
 
First tension points to the intricate relationship between reproducibility and replicability (Plesser, 
2018; Raff et al., 2025). While both contribute to the reliability of the research and reduce 
accidental errors, randomness, or methodological flaws, reproducibility involves re-running the 
original code and data, whereas replicability requires an independent reconstruction of the 
model or method.1 When artifacts such as code are not shared, a study is not reproducible; 
however, it can still be replicable. Thus, reproducibility is not a prerequisite for replication. In this 
case study, we demonstrate that the availability of easy-to-use artifacts may, however, 

1 Reproducibility and replicability here are consistent with ACM definitions (ACM Artifact Review and 
Badging - Current, 2020). 

 

https://www.zotero.org/google-docs/?re5XDb


discourage genuine replication. Code reuse provides real benefits in terms of time and resource 
savings, while simultaneously creating an illusory assurance that errors and mistakes can be 
prevented by refraining from implementing the method from scratch. 
 
Second, in the context of broader discussions on the role of reproducibility in scientific research 
as such (Fidler and Wilcox, 2026), we suggest that practices intended to promote transparency, 
such as shared code, datasets, and evaluation pipelines, can function as Latourian black-box 
mechanisms. As Latour (1987) argues in his laboratory studies on scientific practices, 
black-boxing occurs when a system works reliably enough that its internal assumptions are no 
longer questioned. In this sense, once the artifacts, such as shared code, produce seemingly 
stable and publishable outputs, their internal assumptions are no longer questioned and verified. 
We observed that an agreement and stabilized knowledge emerged not from independent 
validation, but from alignment with the same erroneous artifact. This creates an illusion of 
improved capabilities of multistakeholder recommender systems and scientific progress in the 
field as such. 
 
The discussed tensions become especially relevant in the context of Trustworthy AI, where 
principles such as reliability, robustness, transparency, or accountability are often emphasized 
(see existing documents, such as the Ethics Guidelines for Trustworthy AI by European 
Commission & Directorate-General for Communications Networks, 2019; Fjeld et al., 2020). 
However, they often focus on the AI systems themselves, paying less attention to the scientific 
practices through which such systems are developed and evaluated. In other words, the 
trustworthiness of AI cannot be meaningfully separated from the trustworthiness of the research 
practices that produce it. What is required is more than just improving algorithmic or evaluation 
metrics, but also critically examining the practices and norms of contemporary computer science 
research, including code reuse, reproducibility, and experimental validation.  
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