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Abstract

Machine learning research often has a large experimental component. While the experimental methodol-
ogy employed in machine learning has improved much over the years, repeatability of experiments and
generalizability of results remain a concern. In this paper we propose a methodology based on the use
of experiment databases. Experiment databases facilitate large-scale experimentation, guarantee repeata-
bility of experiments, improve reusability of experiments, help explicitating the conditions under which
certain results are valid, and support quick hypothesis testing as well as hypothesis generation. We show
that they have the potential to significantly increase the ease with which new results in machine learning
can be obtained and correctly interpreted.

Introduction Given that empirical assessment is central to machine learning research, it has repeatedly
been argued that care should be taken to ensure that (published) experimental results can be interpreted
correctly. To this aim, it should first be clear how the experiments can be reproduced, which can be achieved
by providing a complete description of both the experimental setup (which algorithms to run with which
parameters on which datasets, including how these settings were chosen) and the experimental procedure
(how the algorithms are run and evaluated). Secondly, it should also be clear how generalizable the reported
results are, which implies that the experiments should be general enough to test this. Hoste and Daelemans
[3], for instance, show that in text mining, the relative performance of lazy learning and rule induction is
dominated by the effect of parameter optimization, data sampling, feature selection, and their interaction.
As such, there are good reasons for strongly varying the conditions under which experiments are run.

In light of the above, it would be useful to have an environment for machine learning research that facil-
itates both storing the exact conditions under which experiments have been performed as well as performing
large-scale experimentation under widely varying conditions. To achieve this goal, Blockeel [1] proposed
the use of experiment databases: databases designed to store detailed information on large numbers of
experiments, selected to be highly representative for a wide range of possible experiments, improving re-
producibility, generalizability and interpretability of experimental results. In addition, such databases can
be made available online, forming “experiment repositories” which allow other researchers to query for and
reuse previously run experiments to test new hypotheses (in a way similar to how dataset repositories are
used to test the performance of new algorithms). While Blockeel introduced the ideas behind experiment
databases and discussed their potential advantages, in this paper, we propose concrete design guidelines and
present a specific implementation consistent with these guidelines to illustrate its use.

Experiment Databases In the currently most popular experimental methodology in machine learning,
which is to design experiments to test a specific hypothesis about learning algorithms, experiment databases
make it easier to keep an unambiguous log of all the performed experiments, including all information nec-
essary to repeat the experiments. However, experiment databases also allow following a new methodology,
in which one designs experiments to cover, as well as possible, the space of all experiments that are of
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interest in the given context. A specific hypothesis can then be tested by querying the database for those
experiments most relevant for the hypothesis, and interpreting the returned results. As the query explicitly
mentions which conditions must hold for the returned data, it is always easy to see under which conditions
the results are valid. Although this requires a larger initial investment with respect to experimentation, it
may pay off in the long run, especially if many different hypotheses are to be tested, and if many different
researchers reuse the experiments stored in such databases. A final advantage is that, given the amount
of experiments, one can train a learning algorithm on the available meta-data, gaining models which may
provide further insights in an algorithm’s behavior.

To achieve these benefits in practice, an experiment database should be designed to store experiments in
such detail that they are perfectly repeatable and maximally reusable, and we consecutively discuss how the
learning algorithms, the datasets, and the experimental procedures should be described to achieve this goal.
Then, as we want to use this database to gain insight in the behavior of learning algorithms under various
conditions, we need to populate this database with experiments that are as diverse as possible. At the same
time however, we also want to be able to thoroughly investigate very specific conditions. This means we
must not only cover a large area within the space of all interesting experiments, but also populate this area
in a reasonably dense way. We discuss ways to do this in practice, and how many experiments are needed.

A Case Study As a proof of concept, we present one specific implementation of an experiment database,
containing the results of 250,000 runs of 54 well-known classification systems under varying conditions,
on 86 commonly used datasets. We then illustrate how we can directly test a wide range of hypotheses
on the covered algorithms by querying this database for specific experiments. This includes comparing
the performance of all algorithms on a specific dataset, showing the effect of a specific parameter and
investigating combined effects of dataset characteristics and parameter settings. From the returned results
it is always immediately clear how much the performance of these algorithms varies as we change their
parameter settings, which illustrates the generality of the returned results. We also show how experiment
databases can be used to verify and refine existing knowledge. In our case, we use the paper by Holte
[2] on comparing C4.5 to 1R and notice that our results only partially follow the original results by Holte.
By building a meta-tree on the characteristics of the involved datasets, we learn that our results deviate on
specific kinds of datasets, which were only scarcely represented in the original study.

Yet these examples only scratch the surface of all possible hypotheses that can be tested using the exper-
iments generated for this case study. One could easily launch new queries to request the results of certain
experiments, and gain further insights into the behavior of the algorithms. As such, the database is in it-
self also a contribution to the machine learning community2. Finally, one can use our experiment database
implementation to set up other experiment databases, e.g. for regression or clustering problems.

Conclusion We advocate the use of experiment databases in machine learning research. Combined with
the current methodology, experiment databases foster repeatability. Combined with a new methodology that
consists of running many more experiments in a semi-automated fashion, storing them all in an experiment
database, and then querying that database, experiment databases in addition foster reusability, generaliz-
ability, and easy and thorough analysis of experimental results. Furthermore, as these databases can be put
online, they provide a detailed log of performed experiments, and a repository of experimental results that
can be used to obtain new insights. As such, they have the potential to speed up future research and at the
same time make it more reliable, especially when supported by good experimentational tools.
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