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4.3.1 Introduction

To date, there have been a large number of papers written on challenges and best practices
for evaluating recommender systems [6, 9, 13, 17, 18, 36, 38, 24, 36, 48]. Still, papers written
and published today often fall short of embracing the practices suggested in prior works.
Hence, we aim to suggest practical methods for the recommender systems community to
guide researchers toward embracing such practices. We suggest concrete tools that can be
immediately implemented in prominent recommendation system research venues such as
ACM RecSys and ACM TORS.

We believe that the research community, as a whole, largely agrees on many of the
practices that should be embraced. However, it is often the case that individuals are unaware
of the many challenges of rigorous evaluation. In addition, adopting these practices often
comes at a significant cost in terms of the invested effort and required time. Hence, it
may be tempting for researchers not to prioritize such issues when preparing their work for
publication.

An example from a methodological perspective based on surveying the literature shows
that authors sometimes tune their models on test data, or do not report on how they tuned
the hyperparameters of the baselines [38, 41]. Often, we find that certain aspects of the
experimental design, e.g., regarding baselines, datasets, or metrics, are not justified beyond
the fact others have adopted the same design in previous work. Combined, these aspects
may lead to a certain stagnation in our field, as discussed already a decade ago [24, 17, 71].
Similar discussion has been ongoing more recently, e.g., [13, 18, 33].
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We chose here to focus on the scope of offline evaluation, identifying problems and best
practices for this type of evaluation. While recommender systems are not only evaluated
offline, this evaluation still represents a significant part of many recommender system papers.
Furthermore, we limited the scope to only offline evaluation to provide concrete focused tools
that can be implemented immediately. We believe the same ideas and goals that guided us
throughout this report can later be extended to encompass other evaluation processes, such
as user studies, A/B testing, and more.

The rest of this section is organized as follows. After discussing previous works in
Section 4.3.2, we outline the main challenges regarding recommender systems evaluation
concerning reproducibility and methodology in Section 4.3.3. Section 4.3.4 then contains
specific guidelines in the form of key questions in this context to be answered by paper authors
and/or reviewers when preparing or reviewing a paper. Furthermore, this section provides
recommendations for editors and program chairs regarding the possible implementation of
these measures and potential risks.

4.3.2 Related Work

While the recommender systems research area is increasing rapidly in terms of research
publications, there are currently no clear, agreed-upon, and widely adopted guidelines for
critical aspects of empirical evaluation. This section provides a brief overview of work in
recommender systems that analyzes, reflects, and criticizes the literature concerning empirical
evaluation. It links the problems in the recommender systems community to other fields that
experience similar problems. Finally, it presents potential solutions based on communities
that have undergone similar challenges and converged on a set of guidelines that the entire
community follows.

Despite the continuously increasing popularity of the recommender systems research field
and the demonstrated good performance of recent recommender systems, there is a notable
lack of standardized criteria or methods for evaluating their performance. The work by [35]
represents one recent example that highlights this as a problem.

Among the existing approaches towards some form of standardization, researchers and
practitioners in the field have previously proposed using different evaluation frameworks.
Software frameworks often implement a particular evaluation protocol and support specific
metrics, promoting a set of standards. Examples of these are Elliot [1], LensKit [15],
RecBole [45], and RecPack [27] to name a few. On the other hand, there are also conceptual
frameworks such as FEVR [48] and the replicable recommendation process presented by [10].
However, as different frameworks and packages use different protocols for the various steps
in the preprocessing-recommendation-evaluation pipeline, they remain somewhat limited in
their capability to help the community converge on an agreed-upon set of guidelines.

Beyond the realm of recommender systems, research in machine learning, in general, has
previously been criticized, specifically pointing out that the field is undergoing a “repro-
ducibility and replication” crisis to the extent that parts of the community are suggesting
that research results and claims cannot be taken at face value [22]. The field of information
retrieval has seen similar experiences for extended periods of time suggesting, e.g., that
reported improvements are not reflecting actual improvements [2], and optimization based
solely on aggregated measurements can potentially lead to misleading and unreliable outcomes
[46]. These insights are not unique to applied fields such as recommendation and retrieval.
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In evidence synthesis8, similar insights have been identified, specifically pointing out how the
validity and reproducibility of meta-analyses are affected by poorly documented and biased
data collection [25].

Turning our attention again to recommender systems, reproducibility research in this area
has surfaced over the years as an increasingly more important aspect, specifically highlighted
by influential papers. For example, [19, 18] point out that much of the improvements
reported for certain algorithmic approaches were rather “phantom progress” than actual.
Also, [71] show that design choices in implementing algorithms and evaluation methods in
widely used software packages for recommendation lead to large differences in performance
between frameworks even when using identical datasets, settings, and evaluation strategies.
[6] showed that identical algorithms performed vastly differently on relatively similar news
platforms. More recently, [38] identified that hyperparameter tuning (or lack thereof) can
lead to inaccurate comparisons between introduced state of the art methods and widely-used
baselines.

The research communities attempted to address these challenges through the frameworks
discussed above and through initiatives that are supposed to help foster reproducibility and
transparency in evaluation. Examples of these include the Reproducibility track introduced at
ACM RecSys in 20209 with similar initiatives having been established at related conferences.
Another example includes the submission type “Registered Reports” in ACM TORS10.

In information retrieval, a recent example of guidelines addressing the above-mentioned
issues includes a checklist to “strengthen an IR paper” [39], which was published for the
SIGIR 2022 conference. The checklist is split into two parts. One part covers the presentation
and writing of a manuscript. It contains seven bullet points, which are mostly framed at a
high level (“The results are presented effectively in the appropriate format”). The second
part addresses the experimental design with six bullet points, also at a high level (“The
experimental results are reliable and generalizable”). Similarly, the SIGIR-AP conference
provides its authors with guidelines [40]. However, these may appear to be rather short and
high-level. For instance, the guidelines specify that “The experimental design and its scale
[should be] appropriate to the problem”. How an appropriate experimental design actually
might look is not detailed.

Perhaps the most related work to ours is the best practice guidelines and checklists from
the machine learning community. Premier machine-learning conferences such as NeurIPS
introduced guidelines and checklists a few years ago [12, 28] and continue to use them
today [31]. NeurIPS 2024 provides a 15-item checklist with guidelines [31]. The checklist is
incorporated into the LaTeX paper submission (Fig. 4) template [30]. Authors must answer
and submit the checklist along with their manuscript; otherwise, their submission will be
desk-rejected. These questions relate to various aspects of the work, including the validity of
claims, reproducibility, open access, and ethical considerations. Authors may answer with
“yes”, “no” or “n/a” and can provide one or two sentences of justification. The questions are
more specific than those of the SIGIR conference. For instance, concerning experimental
design, one question reads: “Does the paper specify all the training and test details (e.g.,
data splits, hyperparameters, how they were chosen, type of optimizer, etc.) necessary to
understand the results?”.

8 Evidences synthesis “refers to the process of bringing together information from a range of sources
and disciplines to inform debates and decisions on specific issues.”, https://royalsociety.org/
news-resources/projects/evidence-synthesis/

9 https://recsys.acm.org/recsys20/call/#content-tab-1-1-tab
10 https://dl.acm.org/journal/tors/author-guidelines
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Figure 4 Screenshot of the AutoML conference submission checklist [3]. The list is published
under CC-BY 4.0 license.

NeurIPS is experimenting with large language models to provide an assistant that supports
authors with the checklist [32]. NeurIPS also “strongly encourages” [29] authors to submit
their code and data and follow the guidelines set forth by the “Papers with Code” platform
[44]. These code submission guidelines provide a code template for installing, training, and
evaluating machine learning models and a template for downloading pre-trained models [44].
Besides NeurIPS, other conferences such as MICCAI adopted the code template as well [26].
Furthermore, the NeurIPS checklist [28] was also adopted by other conferences, including
ICML [23].

To our knowledge, the most comprehensive list of guidelines is the AutoML conference
submission checklist [3]. Like NeurIPS, the checklist is directly incorporated into the
manuscript template, and authors must submit the checklist as an appendix. Answers to
28 questions have to be given, commonly with the options “yes”, “no” and “n/a”. A short
justification or reference is required for every answer; see Fig. 4 for a screenshot. For instance,
for the question “Did you include the license for the code and dataset?”, an author may
answer with “yes” and refer to details in the paper, e.g., by writing “See Section 7 in the
manuscript”. The questions used in the context of the AutoML conference are more specific
than those of NeurIPS.

4.3.3 Addressed Problem Areas

We focus on two main areas that may hamper progress in our field [13]: (a) reproducibility
and (b) problematic practices in terms of evaluation methodology.

4.3.3.1 Reproducibility – Purpose and Definition

Reproducibility refers to the ability to achieve the same findings as the original researchers
utilizing existing data from a prior study [20]. In other words, reproducibility describes
the minimum necessary information to re-implement, re-execute, repeat, and replicate
experiments to verify the findings described in a scientific study [11, 20, 36].

While different and partially incompatible definitions of reproducibility and related
concepts exist, in computer science, reproducibility often implies that experiments, including
data processing steps, can be accurately repeated to produce the same results. This typically
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involves making code and data publicly accessible and providing detailed documentation
of computational methods and algorithms. This section adopts this notion as a working
definition of reproducibility.

Generally, reproducibility in recommender systems research is essential, as it allows
researchers to ensure that others can (a) verify previously published results and (b) make
sure that their algorithmic contributions truly help to advance state of the art.

To shed light on our concerns, we list several issues often observed in papers concerning
reproducibility. First and foremost, while we observed a positive development over the
past decade, many researchers and practitioners still do not publish their algorithmic
implementation. While Intellectual Property (IP) rights issues may pose a challenge in some
cases, it is still important that the implementations are made available to others.

However, publishing the proposed model or method implementation is not enough. For
reproducibility, the code for the entire evaluation pipeline is required, starting with loading
the data and ending with results. When doing so, one should focus on the proposed model
and the implementation and training of the used baselines. Specifically, tuning the baselines,
i.e., how the hyperparameters were determined, should be made public.

4.3.3.2 Evaluation Methodology – Purpose and Definition

Scientific evaluation is a systematic approach used to assess the validity of a hypothesis.
Evaluation methodology outlines the proper conduct of scientific evaluation [14]. The
evaluation methodology is typically characterized by a concrete set of steps to ensure rigorous
scientific standards set by the community. It is driven by the underlying hypothesis or
research questions to ensure that assessments and conclusions drawn from the empirical
results are scientifically sound [34]. For a given research problem, researchers commonly
make decisions in their evaluation methodology that are inspired and justified by previous
research.

The evaluation methodology in offline experiments for recommender system research
typically details the collection and preprocessing of data, the chosen baselines, the learning
and optimization strategy, the metrics used to compare methods, and the method used to
analyze the results.

The evaluation methodology is critical in scientific work because it allows researchers
to create an evaluation process that others can validate and reuse for similar research. An
extensive description of the evaluation methodology is also essential for the peer-reviewing
process. It allows reviewers and other researchers to critically assess the validity of the results
obtained to confirm or refute a hypothesis. The peer-reviewing process should thus ensure
that the evaluation methodology in a research paper is rigorous and follows the community’s
consensus.

In the following, we identify a few common problematic recommender systems evaluation
methodology practices that our guidelines intend to remedy. First, we find that researchers
often provide little or no justifications for certain choices of their research methodology.
Researchers often justify certain decisions by arguing that the decision is common practice
or that another group of researchers did it. Adopting methodological choices from previous
works can be beneficial, making research more comparable. However, such a justification
may often not be scientific or complete, e.g., when the the common practice had no proper
justification either.

Second, we note that data leakage is a common problem in evaluation methods that may
be unseen by just reading the evaluation methodology. Data leakage refers to using the test
split or knowledge about the test split in the training process [21].



Christine Bauer, Alan Said, and Eva Zangerle 115

Finally, while hyperparameter optimization is a standard procedure in recommender
systems research, the configurations are often not shared or are incomplete. However, it has
been shown [38] that the performance difference between configurations can be significant
and change the ranking of algorithms. This is especially problematic in research that
claims to improve over the state-of-the-art but provides incomplete hyperparameter tuning
specifications for baseline algorithms.

4.3.4 Proposed Measures

This section outlines two catalogs of questions regarding reproducibility and experimental
choices. These questions should serve as a basis for implementing concrete measures for
relevant publications outlets, e.g., author guidelines, author self-assessment forms, reviewer
guidelines, or extended paper review forms. Further questions may be added depending
on the chosen purpose and implementation, while others might be left out. If some of the
questions are unanswered, the authors should have a good justification for why they are
irrelevant to their research project. In any case, the paper should contain answers to all the
relevant questions within the text below.

We formulate these lists as high-level questions, followed by a list of issues one must
consider when answering these questions. We also make the questions available as a
LATEXtemplate 11.

4.3.4.1 Author and Reviewer Checklist: Reproducibility

We organize the proposed questions on reproducibility (and their corresponding explanations)
in the following groups.
1. Code-related Aspects: Is the code of the full experimental pipeline publicly available?

Sharing all artifacts needed or used to obtain the numerical results reported in a paper is
essential for reproducibility. Appropriate documentation must also be provided so other
researchers can re-execute the experiments. If possible, an execution-ready environment,
e.g., in terms of a Docker container, should be made available.
1.1. Code of proposed algorithm/framework/method/model
1.2. Code of all baselines
1.3. Code for preprocessing and postprocessing
1.4. Code for hyperparameter tuning
1.5. Code for execution (training and testing)
1.6. Code for statistical analysis
1.7. Documentation and installation/execution instructions

2. Data-related Aspects: Is all relevant data publicly available?
Reproducibility is only possible if the data used as input to the models and the results are
publicly available. It may be insufficient to provide pointers only to previously published
datasets, e.g., because preprocessing steps have been applied or publicly shared datasets
are sometimes updated.
2.1. Original datasets
2.2. Preprocessed datasets
2.3. Train/validation/test splits
2.4. Results (outcomes of measurements)
2.5. Trained models

11 https://code.recommender-systems.com/Dagstuhl-24211-Checklist
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3. Configuration Aspects: Are all relevant configuration parameters reported?
Besides code and data, the specifics of the execution of the experiment must be documented.
This concerns how the models were tuned, the execution environment, and its configuration.
3.1. Hyperparameter search strategy, search space and search time for all models
3.2. Optimal hyperparameters per dataset and model
3.3. Train-test splitting configurations
3.4. Random seeds
3.5. Required external libraries and their versions
3.6. Used hardware (configuration)

4. Experiment specific aspects and other questions
Depending on the specifics of the experiment, information about various other aspects
should be provided. These questions should help better to gauge the level of reproducibility
of the experiment. Further, these questions may serve as a place for researchers to justify
certain technical choices.
4.1. Has an existing evaluation framework been used? If not, why not?
4.2. Is “one-click” reproducibility supported?
4.3. Are any instructions provided to reproduce (at least parts of) the experiment with

limited hardware resources?
4.4. Is an expected runtime to reproduce the results provided?

4.3.4.2 Author and Reviewer Checklist: Methodology

For a mature research community, embracing the evaluation procedure used in previous papers
can be considered good practice. However, we must acknowledge that several unjustified
protocols, e.g., leave-one-out, have taken root in the recommender system community. Hence,
justifying a research protocol only by saying it was used in previous papers is perhaps
unreasonable.

1. Research Questions and Hypothesis: Are the research questions and hypotheses expressed
clearly and matching the method and the results?
The research question should guide the development of the evaluation process. Therefore, it
should be clearly stated, and the authors’ choices throughout the method should correspond
with the research question and conclusions.
1.1. The research question is clearly stated.
1.2. The hypothesis is derived from the research question.
1.3. The experimental design is suited to address the stated research questions.
1.4. The conclusion is based on the research question and the experimental design.

2. Baselines: Are baselines selected and tuned to ensure appropriate comparisons?
While one should always compare to the latest best method for the particular task, it is also
important to compare against earlier and probably simpler baselines to show the advantage
of using the new, more complicated method.
2.1. The chosen baselines are appropriate to the hypothesis and research question.
2.2. One of the baselines is successful, e.g., state-of-the-art, for the given task.
2.3. At least one simple baseline, e.g., kNN, popularity, or random, is included.
2.4. The baselines are tuned. One must invest sufficient effort in properly training the

baselines.
2.5. There needs to be clarity about whether the baselines were rerun or whether the

results were taken from a previous paper.
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3. Evaluation Metrics: Is the chosen evaluation metric appropriate to answer the research
question?
Choosing the appropriate evaluation metric for the task is critical. Reporting a large
number of unrelated metrics is not good practice.
3.1. The selected metrics are derived from the hypothesis, e.g., RMSE for rating prediction

or precision@N for top-N recommendation.
3.2. The reported metrics are not redundant, e.g., RMSE and MAE or DCG and NDCG.
3.3. Tradeoffs between the metrics are explained and evaluated.

4. Data collection: Is the data collection process reasonable and well explained?
This is appropriate when a new dataset is presented. This dataset may be collected from
an already running system or using a particular user study.
4.1. The data collection process is clear.
4.2. The study participants’ recruitment, introduction, and participation incentives are

explained.
4.3. Biases that exist in the data or arise from the data collection process are explained.
4.4. The used datasets are publicly available.

5. Datasets: Are the chosen datasets appropriate for the task?
In offline evaluation, choosing appropriate datasets is highly important. Using a diverse
set of datasets supports claims for generalization. In cases where a particular domain is
targeted, the datasets must be focused on the task.
5.1. The chosen datasets are appropriate to the task at hand.
5.2. It should be clear whether the datasets were chosen to demonstrate generalization.
5.3. In the generalization case, it is desirable to experiment with a sufficient number of

datasets.
5.4. If showing the general applicability of a model is the goal, a diverse set of datasets is

used.
5.5. The origins of public datasets are specified.

6. Data preprocessing: Is the data preprocessing well justified and explained?
It is often the case that researchers preprocess, prune, and filter the original dataset
before training and testing. In general, preprocessing should be discouraged, especially
the dataset’s filtering and pruning. Such preprocessing should be kept to a minimum and
should be well explained.
6.1. If users or items were pruned from the dataset, the pruning is well justified.
6.2. When pruning is done because the evaluated method works better on a subset of the

data, this is made clear.
6.3. : This process is clearly explained and justified if the data was converted, e.g., from

numeric ratings to binary like/dislike.
7. Data-splitting: Does the train-test split fit the structure of the dataset and the task?

Most machine learning methods require a training phase. It is, hence, standard practice to
split the data into training and test sets, where the test set is used only once to evaluate
the algorithm once the training phase is done. The train-test split is designed to simulate
the behavior at run time, when the system is aware of all information to date and must
make future recommendations. Hence, the split procedure should correspond to the task at
hand.
7.1. Typically, user-item interactions are split on time, where the training data contains

the earlier interactions, and the test data contains the newer ones. When other types
of splits are used, this is justified.

7.2. All algorithms are run on the same train-test split.
7.3. Cross-validation is applied when possible.
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8. Hyperparameter Optimization (HPO): Is the hyperparameter optimization procedure
justified and appropriate for the task?
For many machine learning methods, it is well known that HPO is a critical factor for
performance. ML algorithms may underperform significantly when their parameters are
not tuned to the dataset. Using an organized HPO process for all evaluated algorithms is
highly important.
8.1. The optimization strategy is clearly stated.
8.2. The hyperparameter configuration space (parameter range) is sufficiently large and

clearly defined.
8.3. The optimization time or number of tested configurations is clearly stated.
8.4. It is stated in case some algorithms are optimized differently.

9. Experiment execution: Was the experiment executed such that the comparison results
are fair and statistically sound?
When running the experiments, all algorithms should receive equal treatment. Statistical
significance should be computed to test the likelihood that the observed differences between
the algorithms are real.
9.1. The boundaries between train and test data are respected (i.e., test data not used

for checking convergence).
9.2. There is equal treatment of all compared algorithms (with respect, e.g., to HPO,

runtime, hardware).
9.3. The statistical significance testing method is appropriate for the task.
9.4. The p-values are properly computed and reported.
9.5. Confidence intervals are provided whenever possible.
9.6. The hardware used in the experiment (e.g., memory, processor speed, GPU) is

properly described.
10. Sensitivity analysis: Did the authors conduct and report a sensitivity analysis concerning

the method parameters and the dataset properties?
Many algorithms have some parameters that must be tuned. It is important to analyze
how different values for these parameters influence the performance. In many cases, an
algorithm may also be sensitive to the dataset’s properties (e.g., sparsity).
10.1. The method is executed with different parameter values.
10.2. The values of all parameters are fixed except for the tested one.
10.3. The effect of the parameters on the method is reported and discussed.
10.4. If there are trade-offs between the parameters, they are made clear.
10.5. Sensitivity to dataset parameters is done similarly to the method parameters.

4.3.4.3 Practical Implementation Suggestions

In this section, we provide several concrete suggestions that could be immediately implemented
by the ACM RecSys program chairs, the ACM TORS12 editorial board, and the chairs and
editors of related publications venues.

Author Checklist. We suggest choosing some of the questions above to create an author
checklist that must be submitted alongside the paper. The checklist could be similar to the
NeurIPS [31] and AutoML checklists [3], where authors answer the questions with [Yes], [No]
or [N/A], and provide an explanation. For example, a question may be “Have you used a
diverse set of datasets?” and the author may answer “No, because this paper is about a
particular recommendation domain and does not naturally generalize to other problems.”

12 https://dl.acm.org/journal/tors/

https://dl.acm.org/journal/tors/
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In some conferences and journals, when a paper is accepted for publication, this checklist
is published alongside the paper as an appendix, allowing readers to understand the rationale
behind the authors’ choices when designing their experiments. Both RecSys and TORS can
embrace this suggestion. We believe that once authors know that they must explain their
choices, they will make more informed choices.

Reviewer questions. In most conferences, the reviewers must answer closed questions
alongside their free-text review. For example, reviewers are often asked to rate the novelty
or significance of the work. We suggest adding several such closed questions concerning the
evaluation procedure.

For example, such a question may be: “Is the choice of baseline methods appropriate
(e.g., did they compare to basic methods, did they compare against recent methods, did they
invest a reasonable effort into optimizing the baselines)?”. The answer can be numeric or on
a scale from 1-5, allowing for some flexibility.

We believe that once the reviewers are forced to answer these questions, this may also
reflect on their final acceptance score. For example, if a reviewer sees that a paper has
followed the best practices implied by these questions, it will strengthen the paper’s chance
of getting accepted, and vice versa. There may certainly be concerns that adding too many
questions may cause the reviewers to avoid writing detailed reviews. Hence, we suggest
restricting the number of questions to three to five items related to the empirical evaluation.

Outstanding Methodology Research Papers. ACM RecSys, like other conferences, has
the best paper award and best student paper award. We suggest adding, alongside these
awards, an “outstanding evaluation practices paper” award, whose evaluation would be
centred around the questions detailed above. Similarly, journals like ACM TORS could
implement such an award.

This award would be geared towards papers that conducted a particular empirical
evaluation that goes beyond the standard best practices. For example, these papers may have
an impressive comparison with many baselines over many datasets or suggest a new, well-
motivated experimental design. As with other awards, the reviewers can propose candidate
papers for this category, and then a committee will choose outstanding papers. The award
will be given at the conference award ceremony.

Best-Practice Methodology Paper Track. We suggest adding a new track to ACM RecSys,
inviting authors to submit papers that describe, rather than a new algorithmic innovation
or a new domain for recommender system, a description of an evaluation methodology. For
example, such a paper can review best practices in a particular sub-area, such as how one
should evaluate multistakeholder recommendation algorithms. Alternatively, such a paper
can suggest a novel method for conducting a particular experiment in a specific domain.

4.3.5 Conclusion

Today, researchers use a variety of ways to evaluate recommendation algorithms, making it
difficult to assess the progress made in our field. This problem is aggravated by a certain lack
of reproducibility of published research. One way to address this problem is to provide detailed
guidelines for authors and reviewers regarding questions of methodology and reproducibility.
We find that such guidelines are becoming increasingly used by conferences in the broader
field of machine learning.
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In this section, we propose a specific set of guidelines for recommender systems research,
which conference program chairs and journal editors can rely on when implementing measures
to improve the scientific rigor of research published in our field. In future works, we believe
there is great potential in looking into domains beyond computer science to learn how
guidelines are designed to be effective, e.g., in the medical domain [5].
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