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As a reminder, the specific objectives of WP5 are:

- O5.1: Identifying replication opportunities at national level
- O5.2: Organisation networking activities
- O5.3: Provide guidelines for reuse of the project’s results

Document purpose
The following document describes the replication plan and guidelines for optimal use of the
platform. Moreover, the best practices regarding its extension will be detailed.
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Introduction
Reproducibility is a key requirement for scientific progress. It allows the reproduction of the
works of others, and, as a consequence, to fully trust the reported claims and results. This
report focuses on reproducibility of recommender systems experimentation. It is one of the
two outcomes of WP5 – Replication Study at European Scale and it is intended as
complementary to the other deliverables produced under this work package. By facilitating
reproducibility of recommender systems experimentation, it indirectly addressed the issues
of accountability and transparency in recommender systems research from the perspectives
of practitioners, designers, and engineers aiming to assess the capabilities of published
research works. These issues have become increasingly prevalent in recent literature.
Reasons for this include societal movements around intelligent systems and artificial
intelligence striving toward fair and objective use of human behavioural data (as in Machine
Learning, Information Retrieval, or Human–Computer Interaction). Society has grown to
expect explanations and transparency standards regarding the underlying algorithms making
automated decisions for and around us. The reproducibility of the platform for other training
contexts is feasible using exactly the current infrastructure. Evaluation of Recommender
Systems (RS) is an active and open research topic. A significant share of Recommender
Systems research is based on comparisons of recommendation algorithms’ predictive
accuracy: the better the evaluation scores (higher accuracy or lower predictive errors), the
better the recommendation. However, given the lack of agreement on evaluation procedures,
this poses a hurdle for reproducible environments. Considering this scenario, it is difficult to
put in context and gauge the results from a given evaluation of a recommender system. One
key reason for this is the existence of countless design alternatives when implementing an
evaluation strategy. Additionally, the actual implementation of a recommendation algorithm
can considerably diverge from the well-known, or ideal, formulation due to manual tuning
and alignments to specific situations. This has recently been coined as data processing or
data collection biases. The most well-known recommender system-related event to date, the
Netflix Prize, created an environment where all competing algorithms were evaluated in the
same controlled setting. The research advances accomplished during the Prize’s three-year
run would not have been possible without a controlled evaluation and benchmarking
environment. However, when it comes to recommendation, given that progress is
traditionally measured in terms of higher precision, lower RMSE, higher NDCG, etc., it
seems intuitive that some form of controlled evaluation could lead to a broader
understanding of recommender system algorithms’ qualities in general and lessen the focus
on in situ optimizations of deployment-dependent aspects. In this context, reproducibility and
replicability of experiments have been gaining the community’s attention. Reproducibility is a
cornerstone of scientific process and is one of two critical issues to achieve progress.
Synchronously, accountability and transparency of algorithms, understood as the capability
of accepting the responsibility for actions and the ability to provide openness, respectively or
from a more general perspective, of any computational model, are gaining more attention.
This methodological approach for benchmarking algorithms seems very solid at first sight
and suitable to determine if an algorithm is favourable over another in a specific combination
of (i) performance measure, (ii) evaluation procedure, and (iii) dataset, at least when we
assume that both algorithms are properly optimised. However, the claims made in many
research papers are much more general. As can be observed in other fields of computer
science, many papers claim a significant improvement over the “state-of-the-art” but do not
explicitly state such claim to be only supported under very specific experimental conditions.
In today’s recommender systems research scholarship the researcher has ample freedom in



selecting the specific experimental conditions, i.e., which metrics, which protocol, which
datasets, and which baselines to use. In our analysis, we discuss common issues in today’s
research practice, which, despite the many papers that are published on the topic, have
apparently led the field to a certain level of stagnation. In order to have a wide take-up of the
platform by the maximum number of users, guidelines for optimal use of the platform will be
described for the learners/workers/job-seekers and the training providers. Moreover, the best
practices regarding platform extension in line with the open source strategy have been
defined. A list of guidelines for technical integration of new sets of data are crucial for the
project replication.

Accountability, reproducibility, and related
concepts
Researchers from different areas dealing with algorithms from Social Sciences to Data
Mining and Machine Learning, including the Information Retrieval and Recommender
Systems communities have been raising awareness about accountability, reproducibility,
transparency, fairness, explanation, and similar concepts in recent years. However, these
terms may have different nuances depending on the context, or might even appear as
synonyms according to some authors. To establish a common terminology, this section
presents a review of such definitions and states how they will be used in the rest of the
manuscript. Starting with reproducibility and replicability, attention is brought to the fact that
these terms are often confused. The definitions provided by the ACM are as follows:
repeatability applies when the same team operates under the same experimental setup,
replicability is achieved when a different team obtains the same results using the same
experimental setting, and reproducibility is obtained when a different group using their own
experimental setup produces the same results. Moreover, an ACM statement on Algorithmic
Transparency and Accountability calls for better algorithms in a number of dimensions since
the ubiquity of algorithms in our everyday lives is an important reason to focus on addressing
challenges associated with the design and technical aspects of algorithms and preventing
bias from the onset. The statement lists the following 7 principles: awareness, access and
redress, accountability, explanation, data provenance, auditability, validation, and testing. In
particular, accountability is described as “Institutions should be held responsible for
decisions made by the algorithms that they use, even if it is not feasible to explain in detail
how the algorithms produce their results.” Eventually, designers and managers are
responsible for the consequences or impacts an algorithmic system has on stakeholders and
society. Moreover, transparency around human involvement might involve explaining the
goal, purpose, and intent of the algorithm, including editorial goals and the human editorial
process. More specifically, in research the control is on the researchers, or the authors of an
investigation, hence, according to this definition, they have to disclose as much information
as possible to provide transparency and improve its accountability. Because of that,
algorithm creators might consider benchmarking against standard datasets and with
standard measures of accuracy to disclose some key statistics. This is directly connected to
the concepts of reproducibility and replicability mentioned earlier.



Reproducibility issues from practical and technical
aspects in recommender systems
As mentioned before, reproducibility in Recommender Systems research focuses on how
reproducible the evaluation of such systems really is. This is evidenced in, e.g., the call for
papers of the reproducibility track of the 2020 ACM Recommender Systems conference
(RecSys), where papers should repeat prior experiments with original source code using
original datasets or new contexts. However, in, e.g., Information Retrieval, there is a growing
concern that reproducibility is a process which in particular calls for the long-term
sustainability of reproducibility efforts. Even though reproducibility tracks have become a
common component in academic conferences in recent years, many of the topically relevant
conferences still lack one. Also in 2017 a series of workshops on this topic started in the
Machine Learning community, followed by the 2017 and 2018 editions of the International
Conference on Machine Learning (ICML) and the 2019 International Conference on Learning
Representations (ICLR). ACM RecSys had its first instalment of the reproducibility track in
2020. Additionally, at the time of writing, we found the 2019 and 2020 editions of the
European Conference on Information Retrieval (ECIR), ACM MultiMedia (MM) in 2020, and
the 2020 edition of the International Semantic Web Conference (ISWC). In ACM MM, this
track was the first time it happened in this conference; the organisers only accepted authors
with an accepted paper in the previous edition of the conference, since the goal is to
document and record the artefacts needed to carry out the experiments of the previously
published research work. In ISWC, similarly, the track was restricted for accepted authors
but, in this case, of the same edition. A similar idea is behind the recent Reproducibility
Challenge at ICLR. These venues allow researchers to analyse the effect of different
implementations of an approach, or explore the extent to which the results may change
when a different dataset than the one reported in a paper is used. Often, the works
published in these tracks contain publicly available code and/or datasets.

Guidelines for Reproducibility of Experiments in
Silk Platform
Therefore, it is important to follow a set of guidelines or good practices to make the results
reproducible. We have identified the following steps that if followed, will assist people
reproducing the results using the same framework.



1. Explanation regarding the library and version you have used. If the library has been
self-developed it should be available online.

2. Step by step explanation of the evaluation settings such as the number of user
neighbours used, if ratings below a threshold have been removed, if users that have
not rated a certain number of items have been removed, if items with few ratings or
too many ratings have been removed and if from the user base satisfying the criteria
a sample of the users have been used or if all the users in the dataset have been
used. Furthermore, other settings such as if there is a threshold for forming the user
neighbourhood or a threshold of common rated items should be mentioned. Finally, it
should be noted that some of the settings available in a library might not be in
another. All available settings of the library used should be mentioned.

3. In the dataset it should be made clear which dataset and version has been used, if
the dataset has been split using test/train or whether a cross-fold validation has been
used and how many folds have been used. In addition, it should be made clear which
exact part has been used for training, which for testing and how the selection has
been made to use the same training/testing parts in the reproduction of the
experiments.

4. If the proposed algorithm extends a class of the library used or if it is a standalone file
using the library for evaluation purposes.

The reproducibility of Silkc platform for other training contexts is feasible using exactly the
current infrastructure, both the database, the recommendation algorithm and the back-end
and front-end software structure.
In order to adapt the platform to the training context, specific operations will have to be
performed:

- adapt the language to the new training context;
- identify the skill description for the job;
- identify reference persons in the various job profiles to whom to assign in-depth

questionnaires to identify the remaining data to be entered in the database;
- Collect the data and enter them into the database;
- Adapt the recommendation model to the new data, creating a reference model for the

market under analysis with the new data;
- Update the interface for the national language.


