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Abstract

Benchmarking is a critical step in the development of bioinformatics tools, but the way
benchmarking is done at the moment has some limitations. Because each benchmark is developed
in isolation, they tend to be hard to compare, extend and are rapidly outdated. Moreover,
benchmarks are usually rapidily outdated as new methods are developed. To address these
challenges, we combined modern software development tools to create a workflow for continuous
and collaborative benchmarking. The structure of the benchmark is highly modular, so that anyone
can contribute a set of datasets, metrics, methods or interprete the results, and get credit for their
contributions. We also discuss some organisational issues, and propose ways on how to solve
them. As a test case, we applied this worklow on an emerging type of analysis in the single-cell
field: trajectory differential expression, available at https://github.com/komparo/tde. A skeleton
version of the workflow, which can be used to create a similar benchmarking workflow for a
different type of methods, can be found at https://github.com/komparo/skeleton.

Introduction

Evaluating the performance of a new method, and comparing it to the state-of-the-art, is a critical
step in the development of bioinformatics methods. Benchmarks are essential to showcase the
advantages and weaknesses of a method, and assure that new tools improve upon related
methods. Despite this, well-designed and balanced benchmarking strategy can be difficult to
create, especially when a ground truth on real data is not available.

The breadth of a benchmark is influenced by its purpose. In some studies, the goal is to review the
methods available in the field, and highlight current challenges. Such independent benchmarks are
usually very comprehensive, involving many datasets and different metrics ranging assessing the
accuracy, scalability and robustness of a method. A special case of such a benchmark are
competitions, where the focus lies on promoting the development of new methods within the field,
while using existing methods as baseline. Other benchmarks are used as a companion to a study
proposing a new method, demonstrating its improvements and usefulness.

While benchmarks are unmistakingly important, the way benchmarking is usually done has some
limitations:

» Benchmarks are quickly outdated when new methods come along.

» Benchmarks are difficult to extend, as this is usually only added as an afterthought.

» While benchmarks often reach different conclusions, they are difficult to compare, because of
(unclear) differences in datasets, method parameters, metric implementation and aggregation.

« Independent benchmarks and competitions tend to be authoritative, with only a small group of
people deciding on how methods should be compared.
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* Independent benchmarks are usually published quite late, only after a lot of methods are
already available.

» Companion benchmarks represent in some way a lot of wasted effort, because datasets are
often reanalysed, metrics reimplemented, and methods rewrapped.

To resolve these issues, we created a workflow for benchmarking which centers around the
following three core concepts:

* Modular: It should be possible to extend the benchmark simply by adding a self-contained
“module”. Such a module could be: a dataset generator, a method, a set of metrics, or a report
generator that interpretes the results and produces a report. Several tools exist already for
making benchmarks modular: SummarizedBenchmark [1], Dynamic Statistical Comparisons
and iCOBRA [2].

» Collaborative: Anyone with a computer and internet connection should be able to run and
contribute to the benchmark. This can range from contributing a module, to changing the
structure of the benchmark itself. Discussions on the benchmark or any of the reports should
also be open. The collaborative aspect of benchmarking has usually focused on the level of
methods, with countless competitions and challenges, such as those organised by DREAM or
kaggle.

* Continuous: A benchmark should be continously updated when new modules are added.
This has quite a long history in bioinformatics, particularly in structure prediction [3], but also in
other fields [4].

To construct a workflow which fulfills combines these three concepts, we used several ideas and
tools coming from modern software development, such as continuous integration, containerisation
and workflow management.

In brief, our workflow is structured as follows. We define several different types of modules
(Figure 1a): dataset generators that can generate datasets and optionally use another dataset as
input, methods that use a dataset to generate some model, metrics which calculate some scores
using the model and optionally also parts of the dataset, and finally a report generator which
summarise the datasets, models and scores into a report. Each type of module can generate a set
of files which are constrained to a particular set of formats (Figure 1b). Each format has an
unambiguous description, a set of good and bad examples, and includes a validator which
validates the output files generated by each module. While each format is defined beforehand, new
formats can be added over time as the field progresses. A module (Figure 1c) is a set of scripts
and packages, which are run inside a portable environment. This module is put under version
control, shared on a code sharing platform, and tested automatically using continuous integration.
When all tests of a module are succesful, these modules can be integrated into the actual
benchmarking workflow (Figure 1d). Within this workflow, modules are connected through a
particular design, which is executed using a workflow manager. The output of the benchmark are a
set of reports and apps, which are made available through a publishing platforms. To add a new
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module, a pull request is created to integrate the module within the benchmarking workflow, after
which the contribution is reviewed openly. When accepted, the module is automatically integrated
within the workflow, and the necessary parts of the workflow are re-executed. Finally, in regular
time intervals (e.g. monthly), the full set of reports and apps are gathered and versioned.

As a test case, we developed a proof-of-concept benchmark for single-cell trajectory differential
expression (TDE) methods. TDE methods try to find genes which are differentially expressed along
a trajectory, the latter of which is an positioning of cells along a graph structure. Given that only a
few of such methods have been developed yet [5,6,7], this is the ideal scenario for developing the
idea of a continuous and collaborative benchmark, and try to find solutions to the inevitable
challenges which will come up as the field develops.

We will further discuss each element of the workflow in detail, along with how we currently
implemented it in practice. It is important to acknowledge here that this is only one possible
implementation, and that other tools, some of which still have to be developed, could better fit the
benchmarking use-case. What is the most important is not the way the benchmark is implemented,
but the ideas behind its implementation.
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Figure 1: The pipeline.




Data formats

The basis of any collaborative effort in computation biology is agreeing on how data will be
interchanged, and benchmarking is no exception. Sometimes, the differences between data
formats can be minor, for example whether the samples within a gene expression matrix are put in
the rows or in the column. In other cases, different data formats can have a significant impact on
storage and/or the speed by which the data can be processed.

In the benchmarking workflow presented here, a format represents how a particular part of a
dataset, model, score or report should be represented on disk.

What a format entails

For a format to be useful, it should have an unambiguous description. In this way, someone
developing a module can be sure how the inputs look like, even if these inputs do not exist yet, and
can also be sure that the outputs will be useful as input for other modules.

While a description is meant to be readable by humans, this description should also be translated
into a lanuage computers can understand, so that each data file produced by a module can be
validated. In this way, developers of a module can get immediate feedback on whether their output
matches the format description. To make a format validatable, it is one possibility to use one of the
many “schemas” available, such as json-schema (http:/json-schema.org/), XML schemas or
Apache Arrow Schemas. Often, there are already validators available for these schemas (json-
schemas for example: https://json-schema.org/implementations.html#validators). On the other
hand, for more custom file formats or complex behaviour, we will have to implement the validator
ourselves.

Finally, connecting the human-readable description with the computation validation can be done
with providing good and bad examples of the data format. These examples serve a double
purpose, because they provide the module contributors several examples as a help to understand
the description, but can also be used as test cases for the format validators.

Formats change as the field progresses

Usually, the most optimal representation of a dataset or the output of a method only becomes
apparent when several methods have been developed already. This means that any effort to make
a benchmark collaborative and continuous should strive to make its data formats flexible. Flexibility
can take several forms. New features could be added to the format, without invalidating the old
data and modules. When this is not an option, new formats could be added alongside the old.
When applicable, converters should then be written which convert the old formats into the new, so
that old modules keep on functioning. Finally, in some extreme cases, old formats could be
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invalidated and replaced with new formats, which would require some versioning system to make
sure modules are run on the version of the formats they were developed.

It is inevitable that disagreements about data representation will pop up in a collaborative effort.
But in any case, having common formats, even if they are suboptimal for certain use cases, is
usually better then having none at all.

Test case

For the TDE use case, to keep the formats simple and accesible, we decided to mainly use text-
based formats such as comma-separated values (CSV) and JSON files, as these can be rapidly
parsed in almost any programming language. For each format, we wrote custom validators in R,
although JSON files were also partly validated using a json schema validator (ajv, https://
ajv.js.org/). These validators are available as an R package (https://github.com/komparo/
tde_formats). For each format, we also wrote a description and several examples, which are shown
together in the contributor’s guide (https://komparo.github.io/tde/formats.html).

To represent a dataset and a model, we needed to define several formats grouped within three
categories:

* Single-cell expression datasets: This is relatively straightforward, given that the sheer number
of single-cell RNA-seq tools available. As is commonly done, we represent the dataset as a
matrix, together with two tables containing the metadata of the cells and features respectively.

 Trajectory: This is more difficult, given the vast diversity in outputs of trajectory inference
methods. In our recent benchmarking of these methods, we already created a common format
for trajectories, and included this format in this benchmark as well. However, as we also
acknowledge in that study, alternative formats may be possible.

 Trajectory differential expression: This is the the most difficult, because we had to make some
educated guesses about how we expect the field to progress. While it impossible to know
beforehand what formats will be ultimately needed, we can at least try to already predict for
them. Based on what is already done by some existing methods, we defined several types of
trajectory differential expression such as oscillatory (within a cyclical trajectory), pseudotime
(expression that changes along pseudotime), and branch point (expression that happens at a
particular branch point). We extended this with some other types of differential expression,
such as local (changes in expression at a particular point of the trajectory) and overall
(changes in expression anywhere in the trajectory). Each kind of differential expression is
represented in a table format, where each differential expression event is represented in a row
which can contain information on the associated p-value, a ranking and/or effect size.

Scores and reports have less requirements regarding the formats. The most simplest format to
represent a score is as an atomic value, in which each model can be summarized by one
guantitave or qualitative value. Of course, more complex score formats are also possible. For
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reports, we included two formats. A static report with at least an index HTML or markdown file,
together with any extra assets such as figures. A dynamic report on the other hand produces a
software container which will expose a port serving a web app when ran.

Module types

In the benchmarking workflow, we define four types of modules. In our experience, these four
modules are in most cases enough to construct a fully comprehensive benchmark of certain group
of methods.

Dataset generators

This module will generate a dataset, which can from very simple “toy” data, synthetic data which try
to mimic the characteristics of real data as best as possible, or real datasets. Optionally, a dataset
generator can also use another dataset as input, for example when generating some synthetic data
based on some real data. Only rarely will a dataset generator contain some primary data itself.
Rather, data should be gathered directly from primary sources, for example using APIs by various
databases or by downloading the data directly from data management systems such as Zenodo or
Figshare.

Methods

A method module reads in (parts) of a dataset, and uses this to generate a model. Some special
types of methods can be helpful to include at the start of a benchmark. Positive controls, for
example a method that simply return the reference model of the dataset, and negative controls, for
example a method which generate a random model, could be useful to make sure the metrics work
correctly. Off-the-shelf methods, methods that can be easily implemented with just a few lines of
code, could be helpful as a baseline to other methods and to assess the difficulty of particular
datasets.

A common issue when benchmarking is the selection method parameters. It is not uncommon that
the authors of a method disagree on what parameter settings were used for benchmarking [8; ]. In
our workflow, method authors are required to define for each parameter a default value, but also a
distribution of values which can be used for parameter tuning in any form.

Metrics

Metric modules score the output of a model. Some metrics assess the accuracy of a model by
comparing it with some reference model present in the dataset. Others will look at the resources
consumed by the method, such as CPU time and memory, to assess its scalability. Models can
also be compared to other models, for example to examine the stability of a method. Finally, some



qualitative metrics can also be defined here, for example those that look at the usability of a
method.

Report generators

In the end, the scores are aggregated and interpreted using a report generator. This modules
generates a report which can be static, such as a markdown document with some figures, or
dynamic in the form of a web application. By crowdsourcing the interpretation of the benchmark in
this way, it would become much less authorative and instead promote open discussion in the field
[9]. It might certainly happen that different reports would contain contradicting results, but because
each reports starts from the same set of data, it would be immediatly clear why the conclusions
differ. For example, there might be subtle differences in how the scores have been averaged. Or, a
report may only have focused on only a subset of the dataset which the authors found the most
relevant for their method.

Modules

Scripts, a portable environment and metadata

A module needs to contain at least command, which will run some code that reads in the input
data, process it in some way, and ultimately write the output data in the correct format.

Given the large diversity of programming languages used in computation biology, a collaborative
benchmarking effort should try to avoid imposing limits on the kind of programming languages that
can be used. As an example, the single-cell analysis field is split between tools written for R and
Python [10], and choosing one of these two would therefore alienate a signficant part of the field.
Moreover, a collaborative effort should also be open for new languages such as Julia [11], which
could be more powerful and developer friendly for certain use cases.

Apart from being language agnostic, the execution of a module should also happen on any
computer in exactly the same way. To make the execution reproducible, we therefore require that a
module defines a portable environment, which contains the necessary operating system, language
interpreters and other packages to execute the code within the module. An environment can be
portable on many levels: within one programming language such as virtualenv for python or
packrat for R or across languages using package managers such as Conda. The most complete
level of reproducibility can be obtained by working at the level of the operating system, through
container systems such as docker or singularity. Finally, to be able execute stochastic code in a
reproducible manner, it is also necessary to fix the pseudo-random number generator in some way,
we do this by always setting an a priori defined seed through R or numpy.

A module also contains metadata, which lists the requirements to run the method such as the
inputs, outputs and the name of the portable environment. Within our workflow, we also require



some data for organisational purposes, such as a list of authors with their contributions, and the
license of the code within the module.

Version control and code sharing

We require that the complete module, including the portable environment and metadata, is placed
under version control so that any changes are tracked. The module is then shared on a code
sharing platform, which makes it possible for other module authors and maintainers of the
benchmark to file issues on the module, request some changes to the code through pull requests,
and create a modifications if the license allows it. In our workflow, we use git for version control and
GitHub as the platform to share modules, although it should be noted that powerful variants of the
latter exist, including self-hosted ones.

Continuous testing and validation

To keep the development of a module and benchmark maintainable, it is important that each
element of the module is automatically tested and validated. In this way, many errors are catched
early, before they can impact other modules in the benchmark. Including automated testing also
reduces the burden for those reviewing the modules. This crosstalk between automated testing
and manual reviewing is already commonplace in many package repositories, such as CRAN and
Bioconductor.

In our proposed workflow, we automatically trigger a new test on travis-ci.com, which is free for
open-source projects. We test each module on several levels. We first check whether it contains all
required content, and whether the metadata is complete. Next, we activate the portable
environment, run the module on some small input data, and validate the produced output. If any of
these steps fail, the author is notified. Only when tests are sucessful can the new module be
integrated into the whole benchmark procedure.

Combining modules within a benchmark

To make the benchmark as inclusive as possible, it should be possible for anyone to extend or
adapt the benchmark for their own purposes. At the same, it would also be useful to have a central
place which lists all the modules and provides the most up-to-date set of reports for interested
readers. To reconcile these two criteria, our benchmarking workflow has one “main” repository,
which lists the location of the different modules and how they are combined in the benchmark.
Anyone can however create a fork of this repository, adapt the modules or benchmarking design in
any way, and run it using their own infrastructure.
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Executing the benchmark

For the execution of the modules, a pipeline manager such as snakemake [12] or nextflow [13] is
almost indispensable. These tools make sure the modules are executed in the correct order and
within a reproducible environment. Moreover, to make the benchmark scalable, a pipeline manager
will only rerun those exeuctions for which any inputs have changed, which includes changes to any
scripts or packages inside the portable environment. Within our benchmarking workflow, we
created a custom pipeline manager for this, which provided us with some features that are lacking
in most current pipeline managers, such as incrementality at the level of the portable environment,
output validation and fixation of the pseudo-random number generator.

Adding or updating a module

While anyone is able to fork and modify the benchmark repository, modifications to the main
repository, such as additions or updates of a module, still requires some form of control by a group
of maintainers. This group of maintainers, which would primarily consist of authors of other
modules, are responsible for checking whether the module has passed all automated checks. and
give feedback regarding data formats and testing results. Important here is that this reviewing
happens in a completely open fashion, similar as to what is done in some open-source
communities such as Bioconductor and ropensci (https://github.com/ropensci/onboarding).

In our workflow, adding or updating a module can be done by cloning the repository, making the
necessary changes, and then creating a pull request on Github.

Continuous benchmarking and versioning

Every time the main repository is updated, for example with a new version of a module, an update
of the whole benchmark workflow is triggered. Only those modules with outdated input, because
the code, environment or some input files changed, are rerun.

The end results of the benchmark are one or more reports, which are freely accessible online. On
regulator time intervals, such as on a monthly basis, all the reports are gathered and released as a
new “version”, which includes a changelog of updates to any of the modules made before the last
release. This release is given a digital object identifier and registered at an open-access repository
such as zenodo or figshare.

Outlook

Continuous and collaborative benchmarking provides an alternative and powerful way to evaluate
methods in computational biology. It relies heavily on modularisation and tools from software
development, which make it possible to design a benchmarking strategy that can be easily


https://github.com/ropensci/onboarding

extended by anyone, while still allowing for open discussion to exist in a field. Because less effort is
spend developing new benchmarking workflows for every new method, this workflow would speed
up method development in bioinformatics. Because the results of the benchmark can be easily
interpreted by anyone, it would also avoid other issues such as the self-assessment trap [14].

We created both a case study of the workflow https://github.com/komparo/tde, and a skeleton
version which provides instructions on how to set up the workflow https://github.com/komparo/tde.
Of course, as technologies and the communities building them come and go, the tools we used for
this benchmark will almost certainly be replaced by more powerful tools soon. The crucial point is
not which tools that are used, but what advantages they provide for the community: a portable
environment, a reproducible workflow and a set of tools to collaboratively design a benchmark.

In the ideal case, a continuous benchmarking project should be supported by a larger consortium,
such as the Human Cell Atlas, which would not only assure its continuity, but would also provide
infrastructural support. In particular, services which have strong requirements on the side of
storage and/or computing power would benefit from this, such as continuous integration, the code
sharing platform and execution environment.
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