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Abstract. Recent publications have shown that the majority of stud-
ies cannot be adequately reproduced. The underlying causes seem to be
diverse. Usage of the wrong statistical tools can lead to the reporting of
dubious correlations as significant results. Missing information from lab
protocols or other metadata can make verification impossible. Especially
with the advent of Big Data in the life sciences and the hereby-involved
measurement of thousands of multi-omics samples, researchers depend
more than ever on adequate metadata annotation. In recent years, the
scientific community has created multiple experimental design standards,
which try to define the minimum information necessary to make exper-
iments reproducible. Tools help with creation or analysis of this abun-
dance of metadata, but are often still based on spreadsheet formats and
lack intuitive visualizations. We present an interactive graph visualiza-
tion tailored to experiments using a factorial experimental design. Our
solution summarizes sample sources and extracted samples based on sim-
ilarity of independent variables, enabling a quick grasp of the scientific
question at the core of the experiment even for large studies. We sup-
port the ISA-Tab standard, enabling visualization of diverse omics ex-
periments. As part of our platform for data-driven biomedical research,
our implementation offers additional features to detect the status of data
generation and more.

Keywords: experimental design · aggregation graph · metadata · portal
· reproducibility.

1 Introduction

The reproducibility crisis has revealed obvious shortcomings of modern biomed-
ical experimental techniques. While outright fraud seems to be the exception,
recent publications pinpoint many of the problems as based on missing statistical
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understanding when planning or performing scientific studies [4]. Even if enough
data is available to draw significant conclusions, the interaction between different
variables has to be reflected in the experimental design. Independent variables
are usually the focus of a study and are controlled by the experimenter. However,
it is rare that a variable like a disease state depends on only one single variable:
regulatory networks commonly include proteins that act together to create a
phenotype [12]. It is thus sensible to study multiple independent variables in a
factorial experimental design. The concept of factorial experimental designs was
popularized in crop research [5, 6] and allows experimenters to detect interac-
tions, something not possible in one-factor-at-a-time (OFAAT) experiments.

The advancement of Big Data assists to conduct sophisticated experiments
benefiting from these study designs. Yet, even well-designed studies can often not
be reproduced, because crucial metadata is missing [23]. Convenient interfaces
between experimenters’ notes and online database systems are often missing.
Excel spreadsheets are still the most widely used tool for research notes pertain-
ing to assays and samples [16]: early efforts to standardize scientific reporting
lead to formalized spreadsheet formats specifying the minimum required infor-
mation to reproduce an experiment. MIAME, the Minimum Information About
a Microarray Experiment [3, 2] standard and the microarray gene expression
markup language MAGE-ML [20] aim at annotating experiments so they can be
independently verified. Similarly, MIAPE, a standard describing the Minimum
Information About a Proteomics Experiment, tries to specify the needed infor-
mation to interpret analyses performed on proteins [21]. ISA-Tab combines these
earlier approaches into an interoperable spreadsheet format relating information
about research aims, other related studies and their associated assays [18, 19].
Different efforts have been undertaken to provide users with tools based on the
ISA standard [9, 10]. linkedISA leverages the data provided to create a semantic,
interoperable presentation and shows how implicitly defined study groups can
be extracted from ISA-Tab. These groups are summarized and listed in Bio-
GraphIIn, a graph-based repository for biological experimental data [8]. With
the growing complexity of biological experiments and especially the communica-
tion thereof, efficient visualization are indispensable. However, most of the work
has been focused on connecting experiments to ontology frameworks and mak-
ing it machine-readable. While Bio-GraphIIn presents a list of study groups, this
type of presentation can become difficult to grasp for huge experiments involving
many experimental factors and other metadata. More information can only be
obtained by displaying huge tables of samples.

The need to use computer-aided experimental design for large studies was
previously discussed in early factorial design approaches in behavioral research,
such as the online tool WEXTOR [17]. Here, the combination of every possi-
ble factor level pertaining to participants can be used to create specific web-
pages that guide the corresponding subjects to their questions or tests. In high-
throughput biomedical science, analysis tools that make use of experimental
design information are often limited to custom formats: MaxQuant allows users
to edit an Experimental Design template to relate files with sample fractions [22].
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Here, we build on our intuitive interface for experiment creation leverag-
ing proven experimental design concepts like full-factorial study design [7]. To
connect experimental designs with data integration, we provide an interactive
visualization tool that can summarize complex study designs based on involved
species, tissues, analytes and experimental factors into an intuitive experiment
graph. In an effort to comply with existing standards while allowing easy op-
tions to manage high-throughput experiments, we provide interoperability with
the ISA-Tab format, and suggest a format for simplified experiment creation.
The highly modular structure makes our tool a good starting point for further
developments in the area of quality control and statistical power estimation.

2 Methods

2.1 Factorial Experimental Designs

In a factorial design the influences of all independent experimental variables on
the response are investigated. A factor of an experimental design is defined as
one such variable that is being studied. A level is one possible variation of a
factor. The number of levels denotes the total number of different variations for
a single factor that was used in an experiment. Factorial designs are called full-
factorial designs, if every possible combination of levels is tested. A full-factorial
experiment with n factors and k levels for each factor is called a k × n factorial
design and consists of kn sub-experiments, as exemplified in Table 1. Each of
these cases can then have multiple biological or technical replicates.

Table 1. Example of a 3x2 full-factorial experimental design. Two variables x1 and x2

containing three levels each are tested, leading to nine different experiments.

Variables
Experiment no.

1 2 3 4 5 6 7 8 9

x1 - - - + + + 0 0 0

x2 - + 0 - + 0 - + 0

2.2 Aggregation Graph

The hierarchical way in which omics experiments are typically performed leads
to an intuitive sample graph connecting patient/model organism entities to those
denoting tissue/cell extract and measured analyte entities as previously de-
scribed [7, 14]. The example in Fig. 1 visualizes experiments on six mice. In
each case a liver sample was taken and proteins prepared for mass spectrometry
analysis.
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Fig. 1. Sample hierarchy of six sources with attached samples and measurements.

Let G = (VG, EG) be a sample graph with vertices v ∈ VG denoting each of
these entities in an experiment and edges (v, w) ∈ EG denoting the extraction
of entity w from entity v in an experimental step.

Let further f1 . . . fn be a set of experimental factors on a subset of these
entities with factor level fiv for factor fi of vertex v and a similarity function on
factor levels s(fiv, fiw) = {0, 1}.

We define a set of aggregation graphs H1 . . . Hn, one for each factor fi:

Hi = (VH , EH)

∀ v ∈ VG :
∑

w∈VH

s(fiv, fiw) = 0→ v ∈ VH

∀ (v, w) ∈ EG : v ∈ VH ∧ w ∈ VH → (v, w) ∈ EH

(1)

Each graph H aggregates all entities of G with a similar factor level into a
single vertex, while preserving connections between the hierarchy levels of the
experiment. For nominal factors, similarity is best defined as the perfect match
of both levels, while quantitative variables can be summarized using intervals.

2.3 Implementation

We use the Open Source Biology Information System (openBIS) to store datasets
and annotating metadata. Our experimental design is represented both by inter-
connected entities denoting source organisms and samples as well as metadata
properties of these entities. Experimental factors and other properties of sample
source entities and samples are stored in a intermediary XML format in openBIS
that is validated by an XML schema. This schema includes quantitative vari-
ables with or without units as well as variables on a nominal scale, for example
different disease states. Metadata is read from and written to the system using
a web portlet running on a Liferay portal.

The schematic integration of our experimental design visualization into the
portal can be seen in Fig. 2. Users can create experiments using a wizard process
or file import and browse information about existing experiments [7, 14]. Both
imported and existing experiments can be translated into the aggregation graph
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Fig. 2. Schematic diagram of our implementation: Existing experimental designs and
their metadata stored in openBIS can be visualized in qPortal using our Java-based
experimental design libraries. Users can import and view experiments using different
formats, ISA-Tab being supported through isatools. A JavaFX implementation inde-
pendent of portal or data source is available on Github.

and displayed using Javascript libraries [15, 1]. For existing experiments, meta
information about attached datasets is leveraged from the data store. When
importing ISA-Tab investigations, the open-source framework isatools is used
in the translation process, using source and sample identifiers of the ISA study
format as well as all defined experimental factors. The Javascript libraries dagre
and Data-Driven Documents (D3) are then used to compute graph coordinates
and draw the the selected graph. A stand-alone version implemented in JavaFX
can be used independently of the portal or openBIS.

3 Results

To compare our implementation to the usual, complete sample graph of a project,
we demonstrate both visualizations on a simple proteomics experiment. 24 mice
were anesthetized for different periods of time, liver tissue was extracted and pro-
teins from those tissue samples were measured using mass spectrometry. Fig. 1
shows a subset of the full sample graph. In contrast, the summarized experimen-
tal design graph of the same experiment seen in Fig. 3 gives a quick, condensed
overview of the experiment hierarchy, if no factor is chosen. Metadata like sam-
ple identifiers can be shown by clicking on nodes of the graph. When the factor
anaesthesia duration is selected, our algorithm splits the graph into three groups
of mice and descendant samples according to the three levels of this factor. Colors
and legend are entirely dependent on the graph and inform users about species,
tissues, analytes and different factor values. Furthermore, the green outline of
the protein nodes show that data generation has been completed for all samples.
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Fig. 3. Experimental design graphs of the same experiment as seen in qPortal. Numbers
denote the amount of summarized samples for each factor and hierarchy level. Left: no
experimental factor chosen. Right: nodes denoting mice and child nodes in the graph
are split by experimental factor anesthesia duration.

We evaluate our stand-alone implementation using a recent lipidomics study
on the progression to islet autoimmunity and type 1 diabetes taken from the
MetaboLights database for metabolomics experiments [13, 11]. Our application
shows a description of the imported ISA-study and lists every experimental factor
that the authors have annotated in a drop-down menu. Selecting disease status
as seen in Fig. 4 shows that data generated from the blood plasma samples of
40 patients of a control group were compared to those of 40 type 1 diabetes
(T1D) cases, as well as 40 cases of autoimmunity against islet cells, that had not
yet progressed to diabetes. Selecting the age factor reveals that this is a time
series study, where blood was taken at different ages of patients. In this case the
authors failed to include units in their metadata, so it is only clear from their
publication that the ages are measured in months.

Our implementation is not limited to single-omics experiments. Fig. 6 shows
a complex multi-omics study imported via the ISA-tab format. Since the exper-
imental factor levels only differ between cell cultures, the graph stays connected
on the species level. For studies of this complexity, zoom functionality can be
used to show details.

3.1 Availability and License

The study aggregation graph is available through qPortal:
https://portal.qbic.uni-tuebingen.de/portal/web/qbic/software
A stand-alone JavaFX implementation and example studies are available on
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Fig. 4. View of the stand-alone application after importing an ISA-Tab folder and
selecting a study as well as the experimental factor disease status. Information about
the selected study is displayed. Users can change experimental factors from a drop-
down menu. Our aggregation graph shows extraction of blood plasma from 120 patients
belonging to the three groups control, type 1 diabetes (T1D) and seropositivity (for
islet cell autoantibodies). The metabolome of those samples was measured.
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Fig. 5. View of the stand-alone application after selection of the experimental factor
age. The levels of this factor show that blood plasma samples were taken at different
ages of the same patients, since the experimental levels are defined at the second level.

Github under the MIT license:
https://github.com/qbicsoftware/experiment-graph-gui
ISA-Tab files of the type 1 diabetes study are available on MetaboLights:
https://www.ebi.ac.uk/metabolights/MTBLS620

4 Discussion

We present tools to visualize large biomedical studies by their most important
experimental aspects. Building on our graphical interface for the creation of
factorial experimental designs and our hierarchical data model, we create graphs
summarizing complex hierarchies of experimental variables, allowing users to
quickly familiarize themselves with the important aspects of a study. When used
in a platform integrating experiment data and metadata, like qPortal, additional
information about datasets can be leveraged, marking missing data or the status
of a project. Our aggregation graph gives a concise and intuitive overview in
cases where representation of experiments was previously only possible using
large tables.

The lack of statistical power and sound experimental design has lead to the
so-called reproducibility crisis. Extensive work has been done to standardize
metadata annotation and storage, leading to multi-omics standards like ISA-
Tab, which not only stores metadata, but also provides a foundation to search,
display and use these annotations. These methods are clearly required due to the
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Fig. 6. Aggregation graph of one study of an imported ISA-tab investigation. Yeast
cultures are grown lacking different nutrients and proteome, transcriptome and
metabolome are measured.

size of modern biomedical experiments and their metadata: a simple overview
a of study often leads to huge tables or cluttered graphs. Some approaches are
examples of successful, interactive uses of study design visualization, yet they
address very specific questions. Bio-GraphIIn [8] focuses on listing the replicates
of each study group. By contrast, our approach supports the ISA-Tab format,
provides an interactive visualization of a large number of experiments and is able
to summarize replicates (with respect to one factor) into a single node to display
a concise representation with which users can interact to control the displayed
level of detail.

We have shown that our approach can display current studies including sev-
eral hundred entities. Since ISA-Tab is not a minimum information standard, the
amount of actual information beyond the sample hierarchy that can be drawn
from its format depends on the annotations provided by researchers, as our ex-
ample shows. We have taken the first steps towards a fully modular solution
that will allow integration of our tool, enforcing standards that fit with their
experimental data model.

Experimental factors are one of the most important type of study annotation,
since they are at the core of the question scientists want to answer. However,
our concept is not necessarily bound to the aggregation of different factor levels.
Any property that can split subjects or samples in different groups, can be
useful to find out more about a study. In large studies involving multiple groups,
sharing information about the status of the project and data generation is often
important. Provided this information is available, future work could include a
time-component, displaying the history of a study.
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