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Abstract

Microbiome research continues to grow, so does the volume of data it produces. Yet privacy constraints on human-associated
samples and the compositional nature of sequencing outputs make quick exploratory analysis difficult. This study extends the
FAIRDatabase, an open-source, privacy-compliant infrastructure for microbiome data, with a visualization module designed to
tackle both challenges. The module performs composition-aware beta diversity analysis using centered log-ratio transformation
and the Aitchison distance metric. All computations are run within Supabase edge functions, which makes sure that sensitive
data never leave the secure environment. To guide the design, requirements were derived from prior work and literature,
covering compositional data analysis, beta diversity visualization, and principles for clear data interpretation. The resulting
tool supports interactive heatmaps and principal coordinates analysis (PCoA) plots, with options for metadata-based coloring,
variance explained labels, and color palettes chosen for accessibility and interpretability. In order to evaluate the module, ten
participants have performed tasks on the module and filled in the system usability scale (SUS) questionnaire, which resulted
in a mean SUS score of 86.8. Three of whom have been interviewed. They valued being able to quickly explore data without
downloading files or facing contractual obstacles. Overall, this work shows that edge functions can support composition-
aware microbiome analysis without compromising data security. It offers a starting point for building privacy-preserving
visualization tools in research areas where data sensitivity is a significant concern.
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1 Introduction

The volume of microbiome sequencing data has increased
rapidly in the last two decades [24]. "Microbiome" refers
to the entire microbial ecosystem, namely the community
of microorganisms (bacteria, fungi, and viruses) along with
their "theater of activity", such as genes, metabolites and the
surrounding environmental context [6, 7]. The field of micro-
biome research made great improvements in the early 2000s,
and advances in high-throughput sequencing have enabled
the large-scale study of microbial communities [26]. How-
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ever, in the last decade the number of published datasets
has increased so much that the research field has difficulty
handling the amount of data coming in [24]. Inconsistent
data formatting and insufficient metadata make it difficult to
compare and reproduce results between studies [23]. This
limited approach led to reproducibility and standardization
issues [45].

In addition to the issues of standardization, human-
associated microbiome data introduces a more fundamental
challenge: privacy. Microbiome profiles are highly individual-
specific and individuals could be uniquely identified in a
population, highlighting the strict privacy constraints when
the data concern human subjects [17]. Cho [12] showed
that an individual can be revealed based on the human
microbiome sample, violating GDPR compliance. These
constraints significantly limit open sharing, which directly
conflicts with key FAIR principles (Findability, Accessibility,
Interoperability, and Reusability) that attempt to overcome
data management issues through standardization and trans-
parency [47]. As highlighted by Dorst et al. [14], the central
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barrier to reusability is therefore not the volume of data but
the inability to store, access and reuse human microbiome
datasets without violating privacy laws.

To address these challenges, the FAIRDatabase was devel-
oped as an open-source infrastructure that applies the FAIR
principles and integrates privacy-compliant strategies for
human microbiome data. The FAIRDatabase provides stan-
dardized storage for data and suitable metadata and an
interface that allows researchers to explore datasets without
directly revealing sensitive raw information [14]. The FAIR-
Database deploys the FAIR principles by converting files to
the right format, scanning the uploaded file type, raising an
error if the file is not FAIR adherent, and by creating metadata
about the dataset to make it interoperable [14].

Visualization is one of the first steps in exploring a new
dataset [40], and tool-driven, discovery-driven research can
lead to a deeper understanding of the data [38]. To enable
visualization while maintaining privacy and security guar-
anties, edge functions play an important role. Edge functions
process data close to the node rather than transmitting data
to external servers, which results in a secure way of handling
sensitive data and reduces latency [10]. This is essential for
robust and reliable data handling in the healthcare sector [25].
Due to the strict privacy requirements of human microbiome
data, edge functions are the necessary architectural choice to
ensure data minimization.

This research addresses these gaps by extending the FAIR-
Database visualization module with composition-aware beta
diversity analysis. This means that researchers exploring
microbiome datasets may view incorrect visualizations,
which can lead to misinterpretations of sample relationships.
The edge function will be used to ensure reduced latency
and to keep sensitive data in a secure environment. The visu-
alizations will follow design principles that support better
interpretability.

2 Methods
2.1 Compositional data analysis
2.1.1 The nature of compositional data

Compositional data consist of vectors of positive components
that carry only relative information, typically constrained
to sum to a constant such as 1 or 100% [36]. The sample
space of compositional data is the simplex, defined as the
set of positive vectors whose components sum to a constant
[1]. This constant-sum constraint introduces a dependence
between components: an increase in one component neces-
sarily implies a decrease in at least one other, regardless of
any true underlying relationship [36].
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These properties distinguish compositional data from
unconstrained multivariate data, which makes standard sta-
tistical techniques less suitable. Conventional methods assume
that variables can vary freely across the real number line,
but the variables are restricted to positive values within a
bounded sum. Pearson first identified that analyzing raw
compositional components with standard correlation mea-
sures produces spurious relationships [37]. Any meaningful
analysis of compositional data must, therefore, consider their
inherent relative nature and simplex geometry.

2.1.2 Microbiome data as compositional data

High-throughput sequencing is the primary method for gen-
erating microbiome data, since it is the optimal method
for describing microbial composition and function [41].
In amplicon sequencing, a conserved marker gene, most
commonly the 16S rRNA gene for bacteria, is extracted
from a sample and amplified using Polymerase Chain Reac-
tion (PCR) [11]. The sequences are then clustered into
Operational Taxonomic Units (OTUs) based on sequence
similarity, typically at a 97% threshold, producing a count
table that records how many reads were assigned to each
OTU per sample [15]. However, this process produces inher-
ently compositional observations. Sequencing instruments
have a fixed capacity and are unable to capture the actual
microbial load in the sample [18]. Consequently, sequencing
data reflect only relative abundances; absolute counts of any
taxon cannot be determined from data alone [33].

2.1.3 Log-ratio transformations

The solution to compositional constraints lies in log-ratio
transformations, which capture relationships between com-
ponents without being affected by the constant-sum property
[1]. Because compositional data carry relative rather than
absolute information, only the ratios between components
are mathematically meaningful [20]. Taking the logarithm
of these ratios converts the data from a multiplicative scale
to an additive scale, enabling the application of standard sta-
tistical and visualization methods, with the centered log-ratio
being the most essential [2, 20].

The centered log-ratio (CLR) transformation is defined as:

CLR(x;) = In (x—l> (1)
g(x)

where x; is the abundance of taxon i and g(x) is the geo-
metric mean of all components in the sample. The CLR
transformation maps compositional data from the simplex
to a dimensional subspace of Euclidean space, where dis-
tances and variances can be interpreted in the standard way

(2].
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A practical challenge arises from the frequency of zeros
in microbiome data. Sequencing data are typically sparse,
with up to 90% of entries being zero due to taxa that are
absent or below detection limits [35]. Since logarithms are
undefined for zero, various strategies have been developed to
handle this issue. The most straightforward approach adds a
small pseudo-count to all values before transformation [30].
Pseudocounts are often used in CLR and can vary from very
low positive numbers, such as 1078 to 0.01 [4, 21].

2.2 Beta diversity analysis
2.2.1 Measuring differences between communities

Beta diversity quantifies how microbial communities differ
from one another across samples, sites, or experimental con-
ditions [28], whereas alpha diversity describes the diversity
within a single sample, beta diversity captures the diversity
of species between samples to find clusters or similar sam-
ples [38]. Beta diversity analysis typically involves two steps:
calculating pairwise distances between all samples and then
visualizing the resulting distance matrix.

2.2.2 Distance metrics

The choice of distance metric determines what aspects of
community difference are captured. Several metrics are com-
monly used in microbiome research, each with different
properties and assumptions, such as Bray-Curtis, UniFrac,
and Jenson-Shannon [38]. However, these distance met-
rics operate on relative abundance data and do not account
for the compositional constraint. The Aitchison distance
addresses the compositional constraints by calculating the
Euclidean distance on the CLR-transformed data [2, 20],
which first removes the compositional constraint through
log-ratio transformation, then applies standard Euclidean
distance calculation in the transformed space. For compo-
sitional microbiome data, the Aitchison distance provides a
correct measure of dissimilarity that reflects genuine differ-
ences between samples.

2.2.3 Visualization methods for beta diversity

In order to visualize the beta diversity, we calculate the
distance or dissimilarity matrix, which records distances
between all samples, as we discussed in the previous section.
The way this matrix is translated into visual representation
determines what patterns researchers can detect and how eas-
ily the results can be interpreted [38].

Heatmaps provide a direct visualization of the distance
matrix itself, capturing all data in a static manner and encod-
ing (dis)similarity values as color intensity where both rows
and columns represent samples, as shown in the paper by Lei

et al. [27]. This approach preserves all relationships with-
out dimensional reduction, allowing researchers to identify
which specific sample pairs are most similar or dissimilar.
Heatmaps work well for datasets with moderate numbers
of samples but become difficult to read as sample counts
increase, since the number of cells grows with sample size
[38]. A solution to this is clustering the output into groups,
as used in the paper of Lei et al. citeLei2017. Researchers
frequently seek to uncover underlying patterns beyond mere
comparisons of similar samples, with ordination-based meth-
ods being more popular in the literature [38].

Ordination methods reduce high-dimensional distance
matrices to two or three dimensions for visualization,
enabling researchers to identify clustering patterns and gra-
dients that would be invisible in the raw matrix. Principal
Coordinates Analysis (PCoA) has seen an upward trend in
microbiome analyses and is a common ordination method in
microbiome research [8]. PCoA takes a distance matrix as
input and finds a representation that preserves the original
distances as accurately as possible. The axes of a PCoA plot
are positioned by the amount of variance they explain, with
the first axis capturing the largest source of variation.

Non-metric Multidimensional Scaling (NMDS) offers an
alternative to PCoA that prioritizes rank order preservation
over exact distance reproduction [42]. NMDS iteratively
adjusts point positions to minimize stress between the rank
order of original distances and the rank order of distances in
the reduced space. This makes NMDS more robust to nonlin-
ear relationships but also means that axis scales are arbitrary
and cannot be directly compared across plots [3].

The compositional biplot deserves special attention for
microbiome data because it simultaneously displays both
samples and taxa in the same plot [19]. After CLR trans-
formation, standard PCA produces a biplot where sample
scores and taxon loadings share a common coordinate sys-
tem. This allows researchers to identify which taxa drive
the separation between sample groups and to detect associa-
tions among taxa, making the biplot particularly valuable for
hypothesis generation.

2.3 Existing visualization tools

To position the developed module within the landscape of
existing microbiome visualization tools, a qualitative fea-
ture comparison was conducted. The comparison focuses
on four criteria relevant to the research objectives: (1)
support for composition-aware analysis, (2) privacy preser-
vation through server-side computation without requiring
data download, (3) accessibility for users without program-
ming expertise, and (4) interactive visualization capabilities.
QIIME 2 is a comprehensive platform that supports com-
positional analysis through the DEICODE plugin, which
implements robust Aitchison PCA, but requires command-
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line expertise and local data handling [16]. Phyloseq offers
extensive visualization capabilities within R and CLR trans-
formation is available through the companion microbiome
package, but both require programming proficiency [31].
MicrobiomeAnalyst provides a user-friendly web interface
with composition-aware options, yet processes data on exter-
nal cloud servers, raising concerns for sensitive human
microbiome data [13, 29]. Similarly, Calypso offers a web-
based interface with various visualization types but also
processes data on remote servers [48]. EZMAP provides an
integrated pipeline with explicit support for beta diversity
analysis, but requires data upload to external infrastruc-
ture [43]. The FAIRDatabase visualization module addresses
the gap at the intersection of these criteria: it provides
composition-aware beta diversity analysis through an acces-
sible web interface while ensuring that sensitive data remain
within the secure environment through edge function compu-
tation. A direct empirical comparison of latency and usability
across platforms was not feasible within the scope of this
study, as this would require equivalent evaluation protocols
and identical datasets across all tools.

2.4 Edge functions

Processing sensitive microbiome data while maintaining pri-
vacy compliance requires cautious architectural decisions
about where computation occurs. In traditional web appli-
cations, data is often transmitted to the client browser for
processing, which poses risks when working with human
microbiome data. Another approach is to perform compu-
tations on the server-side, transmitting only the results to
the client. Supabase, the platform underlying FAIRDatabase,
provides edge functions, which are serverless TypeScript
functions that run on globally distributed infrastructure [44].
Edge computing traditionally refers to computational archi-
tectures that process data at or near the source rather than
transmitting it to centralized servers [10]. Supabase Edge
Functions operate on Deno Deploy infrastructure and should
be serverless functions with direct database access, rather
than processing data at the device or network edge. For
the visualization module, edge functions offer several bene-
fits. Edge functions are globally distributed, so the function
runs on a regionally-distributed Edge Runtime node clos-
est to the user for minimal latency [44]. Another benefit is
that the calculation is performed within the function, and
only the derived results are returned, which leads to data
minimization[44]. Edge functions do also have limitations.
They are designed for short-lived, stateless operations, and
the documentation warns that long-running heavy computa-
tions should be moved to background workers [44]. However,
for quick exploration tasks the computational load should be
manageable.
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2.5 Design science research

This research follows an adapted Design Science Research
(DSR) approach [22]. While traditional DSR consists of
six distinct activities [39], this study integrates six distinct
activities: the introduction serves as problem identifica-
tion, requirements elicitation defines solution objectives,
implementation combines design/development with demon-
stration as the working prototype demonstrating that the
module is indeed working, evaluation assesses the artifact
with domain experts, and this study provides communica-
tion in the form of a discussion and conclusion.

2.5.1 Requirements elicitation

A focused literature search was conducted to identify papers
directly informing composition-aware transformations, beta
diversity visualizations and edge functionality. The goal was
not to perform a systematic review, but to gather sufficient
evidence to formulate a grounded set of requirements.

Sources were selected based on their relevance to the
research question and scope, and requirements were extracted
by identifying recommended practices. Deriving require-
ments from related work aligns with the Design Science
Research framework, which holds that design artifacts should
originate from an existing knowledge base of theories, prior
research, and documented solutions to ensure the rigor of the
research [22].

Requirements were then classified as functional or non-
functional following Wiegers and Beatty [46]. A functional
requirement is "a description of a behavior that a system will
exhibit under specific conditions," while a non-functional
requirement is "a description of a property or characteristic
that a system must exhibit or a constraint that it must respect."

To structure implementation, requirements were priori-
tized using the MoSCoW method [32]. "Must have" require-
ments are essential for a functioning composition-aware
beta diversity visualization, "should have" requirements sig-
nificantly enhance usability or interpretation, "could have"
requirements add value but are desirable but not critical, and
"won’t have" requirements are identified as out of scope for
this project but are documented for future development. This
prioritization ensures that development efforts focus on the
most critical functionality within the research timeline.

2.5.2 System design and implementation

Following the collection and prioritization of requirements,
the composition-aware beta diversity visualization module
is developed as an extension to the existing FAIRDatabase
infrastructure, keeping the original design choices in mind.
The module is designed to perform all computations on the
data server-side via Supabase edge functions, ensuring that
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sensitive microbiome data remain within the secure FAIR-
Database environment. The usage of edge functions divides
the computation and storage within Supabase. PostgreSQL
handles the storage and the edge function perform the cal-
culations. The pipeline within the Supabase environment
consists of three stages: Edge function requests data from the
database using SQL queries, data gets transformed and cal-
culations are performed on the data, and the produced results
are sent to the frontend. The edge functions are implemented
in TypeScript using the Supabase edge function framework.
After implementation, the latency of the edge functions will
be tested. The frontend of the visualization module is devel-
oped using JavaScript with Plotly.js.

The code for the visualization module can be found
in the following GitHub repositories: https://github.com/
romanvaneldijk/FAIRDatabase,
https://github.com/SheratonM V/FAIRDatabase

2.5.3 Evaluation

The evaluation assesses whether the developed module
enables researchers to complete beta diversity exploration
tasks effectively, addressing the third sub-research ques-
tion. Ten domain experts were recruited from microbiome
research groups at the University of Amsterdam and affiliated
institutions. Participants have experience with microbiome
data research and have used analysis tools, but do not have
prior experience with FAIRDatabase specifically. This selec-
tion ensures that feedback reflects the perspective of the
intended users. All ten participants completed the System
Usability Scale (SUS) questionnaire after using the mod-
ule. Of these, three participants also completed task-based
evaluation sessions with semi-structured interviews to gather
in-depth qualitative feedback.

For the three interviewed participants, the evaluation pro-
ceeded as follows. First the participant is instructed on how
the evaluation will take place and their consent for recording
is asked. Then an introduction of the module will be given
with the emphasis on the compositional nature of the data,
beta diversity analysis and their specific visualizations, and
the objective of this research. The participants will be asked
general questions about their background and their affinity
with microbiome data and they will be asked to complete
a series of tasks within the visualization module. Tasks are
designed to reflect realistic exploratory analysis scenarios
and to probe both usability and interpretive accuracy. Exam-
ple tasks include:

e How many datasets are available, and which dataset has
the most samples?

e Explore the visualization through its functions. Which
samples are the most similar?

e What transformation has been applied to the data? Where
is this information shown?

e Change the visualization so that samples are colored by
the *Treatment’ variable.

For each task, participants will be asked to verbalize their
reasoning (think-aloud protocol).

After the completion of the tasks, the participant will be
interviewed to gather information about their experience. The
interview will be semi-structured with these main topics:
perceived usefulness, usability and interaction, composition-
aware features, suggestions and improvements.

Evaluation sessions were conducted under two differ-
ent conditions due to practical constraints. Two sessions
were conducted in person, while one session was conducted
remotely via Zoom using the remote control feature, which
allowed the participant to interact directly with the prototype
interface. The remote session followed the same protocol as
the in-person sessions to maintain consistency.

Additionally, two of the three participants were Dutch-
speaking, and their evaluation sessions were conducted in
Dutch to ensure participants could express their thoughts and
feedback more naturally and precisely. Interview responses
from these sessions were translated afterward to English for
analysis. The third participant was evaluated in English.

Two types of data will be collected during the evaluation
sessions. Quantitative data will be gathered through the Sys-
tem Usability Scale questionnaire, where participants rate ten
statements on a five-point Likert scale ranging from strongly
disagree to strongly agree. Qualitative data will be collected
through the semi-structured interview responses addressing
perceived usefulness, usability, composition-aware features,
and suggestions for improvement. All sessions will be audio
recorded to enable accurate transcription.

The SUS questionnaire responses will be scored using
the standard calculation method, which yields a usability
score between 0 and 100 for each participant [9]. To interpret
the score, an adjective rating scale is used, ranging: "worst
imaginable," "poor," "ok," "good," "excellent," and "best
imaginable" [5]. Since the sample size is small, individual
scores will be reported next to the mean, and results will be
interpreted indicative rather than generalizable. Qualitative
data interview transcripts will be analyzed using thematic
analysis. Responses will be coded to identify recurring pat-
terns, which will then be grouped into themes.

3 Results
3.1 Functional and non-functional requirements

In Table 1 the Functional requirements are displayed and in
Table 2 the Non-functional requirements.
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Table 1 Final set of functional

. REQID  Requirement MoSCoW
requirements for the
C(.)mp(:‘bSltl.Onal muer oblome F-001 The tool must provide the user with different options to handle zero values Must have
visualization tool. Requirements . . . . . . o
were synthesized from previous F-004 The tool must be able to visualize the beta diversity metrics using ordination Must have
work and related work analysis, methods
then prioritized using the F-005 The tool must be able to represent the distance matrices using heatmaps, with Must have
MoSCoW framework based on color intensity as dissimilarity score
their r elevapce to c.ompositional F-010 The tool must allow users to select samples for ordination plots, with PCoA Must have
data;i analysis principles and user and NMDS being the most important plots
needs F-014 The tool must use color maps that vary in luminance when visualizing Must have
numerical values
F-015 The tool must improve accessibility by providing primarily Should have
color-blind-friendly color maps
F-016 The tool must include interactive PCA or PCoA plots that are colored by Should have
metadata variables or by groups
F-017 The tool must use interactive features like tooltips in heatmaps to provide Should have
more detailed information when data points are hovered over
F-019 The tool must be able to compare variables from the metadata to allow the Should have
user to explore correlations
F-101 A log-ratio transformation should be used to deal with the composite nature Must have
of the data, with centered log-ratio being the most important
F-103 The Aitchison distance metric, with a CLR transformation should be used for Must have
beta diversity analysis
F-106 Compositional Biplot is an important visualization method Could have
F-107 Ordination plot axis should display the variance captured Must have
F-108 Edge processing should be used to ensure the privacy of the used data Must have

Table 2 Final set of non-functional requirements for the compositional
microbiome visualization tool. Requirements were synthesized from
previous work and related work analysis, then prioritized using the

MoSCoW framework based on their relevance to compositional data
analysis principles and user needs

REQ ID Requirement MoSCoW

NF-001 The tool should improve reproducibility by allowing users to access the Could have
complete code used

NF-002 The tool should promote understanding of the study by displaying metadata Could have

NF-003 The tool should allow users to analyze multiple variables at the same time for Could have
data exploration

NF-004 The tool should create visualizations that maintain clarity, readability, and Should have
interpretability, even when handling large or complex datasets

NF-101 Use spatial position to visualize quantitative data Must have

NF-102 Use spatial region and color hue for categorical data Could have

NF-103 The visual encodings should display all the relevant information Must have

NF-104 Coloring that suggests ordering of categorical data should be avoided Should have

3.2 Data visualization module

The visualization module is implemented within FAIR-

Database’s existing infrastructure, which combines a Supabase-

managed PostgreSQL database and a frontend built using
HTML, CSS and JavaScript. The overall architecture follows
a model in which all computation and processing is handled
server-side through Supabase edge functions. User interac-
tions in the browser trigger requests to these edge functions,
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which retrieve the necessary data, perform all transforma-
tions and calculations, and return only derived results for
visualization. The latency results are shown in Fig. 1. Ten
iterations were performed and for each iteration the process-
ing time and network latency were measured.

The latency evaluation demonstrates that edge functions
provide acceptable performance for exploratory analysis,
with response times remaining below two seconds for
datasets up to 80 samples and 10,000 OTUs. To contextual-
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ize these results, a baseline comparison was conducted using
scikit-bio (version 0.7.2) to perform the same CLR transfor-
mation, Aitchison distance calculation, and PCoA analysis
locally on identical synthetic datasets, bypassing database
access and network overhead. The baseline computation
times ranged from 0.3 ms to 14ms depending on dataset
dimensions, compared to 67ms to 1,596 ms for the edge
functions. This overhead, averaging approximately 100-200
times slower than local computation, reflects the combined
cost of network latency, database retrieval, and secure envi-
ronment execution. This overhead represents the necessary
trade-off for maintaining data privacy: while local computa-
tion would be faster, it would require transferring sensitive
microbiome data outside the secure environment. Practical
resource limits exist due to Supabase edge function con-
straints, which include a maximum memory of 256 MB and
a CPU time limit of 2s per request. In testing, a dataset
with 90 samples and 10,000 OTUs exceeded these limits and
failed to process, indicating that the current implementation
is best suited for small to moderately sized datasets typical
of exploratory analysis.

When a user requests a visualization, the workflow pro-
ceeds as follows. First, the user selects a dataset and its
parameters in the web interface. These options are sent from
the frontend to the appropriate Supabase edge function. The
edge function then queries the PostgreSQL database for the
requested abundance data and performs all required process-
ing steps, including pseudocount addition, centered log-ratio
(CLR) transformation, distance calculation, and principal
coordinates analysis (PCoA). Once this is complete, only the
results are returned to the frontend, where interactive visual-
izations are rendered using Plotly.js (see Fig.2). By keeping
all raw abundance data within the Supabase environment, this
architecture enforces data minimization and supports com-
pliance with GDPR requirements. This architectural decision
directly implements the principles of GDPR Article 25 (Data
Protection by Design and by Default). Grounded in Data
Protection Impact Assessment (DPIA) logic, the system
mechanically enforces data minimization because transmit-
ting highly individual-specific raw abundance tables to client
devices presents an unacceptable privacy vulnerability.

For compositional analysis, zero values are handled by
adding a user-specified pseudocount to all abundance values
prior to CLR transformation; the interface offers pseudocount
options ranging from 0.001 to 1. No additional library-
size normalization is applied, as the CLR transformation
inherently accounts for differences in sequencing depth by
referencing each value to the geometric mean of the sample.
OTU selection is determined by the user, who specifies the
number of OTUs to include in the analysis; these are selected
from the dataset in their stored order rather than ranked by
abundance. Allowing user-specified pseudocounts at these
lower thresholds mitigates the compositional bias introduced

when artificially inflating sparse microbiome matrices, ensur-
ing the CLR transformation remains stable without distorting
rare taxa.

To verify numerical correctness, the CLR transformation
and Aitchison distance calculations were validated against
scikit-bio (version 0.7.2). A test dataset was processed using
identical pseudocount values in both implementations. The
CLR-transformed values and resulting pairwise Aitchison
distances were compared, yielding a maximum absolute dif-
ference of less than 10™1° between the two implementations,
consistent with 64-bit floating point precision limits, confirm-
ing the accuracy of the edge function calculations.

From a user, perspective the visualization page is accessed
through the navigation menu. Upon loading, the page has
general statistics about the available datasets including their
samples and OTUs. Users can select a dataset and their
dimensionality in terms of OTUs and samples. Users can
choose between the standard Bray-Curtis dissimilarity or the
Aitchison distance, based on CLR transformation (F-101 &
F-103). With the latter option they can select a pseudo-count
(F-001). At last they can select their color palette (F-015)
before generating the visualizations.

The module supports two visualization types for beta
diversity analysis. Heatmaps display the pairwise distance
matrix, with samples shown on both axes and color intensity
representing dissimilarity values (F-005 & F-014). Hovering
over the heatmap shows the distance/similarity score (F-017).
In addition, PCoA ordination plots display samples as points
in two-dimensional space where distance reflects similarity
(F-004, partially F-010, NF-004 & NF-101). The axes of the
ordination plot report the percentage of variance explained
(F-107 & NF-103). At last, samples can be colored accord-
ing to metadata variables such as treatment group, sex, or age
category, to explore correlations (F-016, F-019, NF-002 &
NF-102).

Both visualization types incorporate interactive features
provided by Plotly.js. Users can hover over elements to view
samples and values, zoom in and out to examine specific
areas in detail, and change metadata-based color mappings
without regenerating the visualization.

3.3 Evaluation
3.3.1 SUS questionnaire

The System Usability Scale (SUS) produced a mean score of
86.8 (SD = 8.9) across all ten participants (see Table 3). Fol-
lowing the framework created by Bangor et al. [5], this score
classifies as ’excellent’ usability. As this evaluation is forma-
tive in nature and participants were recruited from affiliated
institutions, the scores should be interpreted as indicative
of usability for this proof-of-concept prototype rather than
generalizable to broader populations. The quantitative scores
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should be interpreted alongside the qualitative feedback from
the three interviewed participants.

4 Discussion
4.1 Key findings

The implementation demonstrates that composition-aware
beta diversity visualization can be executed entirely within
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Supabase edge functions, ensuring sensitive data never trav-
els over the network. All core computational steps, including
the CLR transformation (F-101), the Aitchison distance cal-
culation (F-103), the pseudo-count handling (F-001), and
the PCoA ordination (F-010), are executed server-side with
only the processed results transmitted to the frontend for
Plotly.js rendering. This setup resolves friction in micro-
biome research: the need for interactive data exploration con-
flicts with GDPR requirements that restrict data movement.
By processing data at the edge, researchers can generate
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Table 3 System Usability Scale

(SUS) Scores Participant SUS Score
Participant A* 87.5
Participant B* 82.5
Participant C* 82.5
Participant D 97.5
Participant E 100.0
Participant F 97.5
Participant G 85.0
Participant H 80.0
Participant I 72.5
Participant J 82.5
Mean (SD) 86.8 (8.9)

*Also completed semi-structured
interview

heatmaps and ordination plots without compromising data.
The latency results demonstrate that even at maximum load
(10,000 OTUs and 80 samples), total response time remained
below two seconds, indicating that edge functions provide
sufficient performance for exploratory analysis.

The module achieved a mean SUS score of 86.8 (SD =
8.9, n = 10), placing it in the ’excellent’ category [5]. While
this formative evaluation provides encouraging evidence of
usability, results should be interpreted as preliminary given
the recruitment from affiliated institutions. Participants con-
sistently rated the interface as intuitive and self-explanatory,
with interaction elements positioned in expected locations.
The visualization output successfully communicates impor-
tant information, such as including variance explained,
distance metric used, and pseudo-count value, at the point of
interpretation, confirming implementation of requirements
F-107 and NF-103. This transparency aligns with Munzner’s
expressiveness principle, which requires visualizations to
display all relevant information without misleading the
viewer [34].

Participants understanding of a composition-aware method
varied greatly, revealing a gap that interface design can-
not resolve. Users with a statistical background recognized
different distance metric approaches, while others required
explanation of the metrics. This suggests that effective
composition-aware visualization tools require documenta-
tion or guided decision support at the point of method
selection.

Despite positive usability scores, participants indicated
the module would not replace their specialized workflows.
Researchers would like to inspect sample-level distribu-
tions before proceeding to beta diversity. Additionally, the
current OTU selection mechanism is criticized, and the
appropriateness of Aitchison distance for certain microbiome
applications was questioned. These findings indicate that
standalone beta diversity visualization is insufficient for com-

prehensive exploratory analysis and establish clear priorities
for future development.

4.2 Limitations

This research has several methodological limitations. The
evaluation was conducted as a formative, proof-of-concept
study. Although the sample size was ten participants for the
SUS questionnaire, all participants were recruited from affili-
ated institutions, which may limit generalizability. According
to the Design Science Research approach, artifact develop-
ment should follow an iterative cycle in which the artifact
is evaluated multiple times using stakeholder feedback [39].
This iterative evaluation could not be fully implemented due
to time constraints, as it was impractical to involve par-
ticipants continuously throughout the development of the
module. One of the evaluations was conducted remotely via
Zoom. The participant was able to use the visualization mod-
ule through remote control. This setup may have influenced
the participant’s perceived usability of the system. The other
two evaluations were conducted in Dutch, as it was the par-
ticipant’s native language. During the translation of these
evaluation, certain nuances may have been misinterpreted,
which could have influenced the evaluation results. The cre-
ated module is unable to encompass the entire landscape of
visualization tools. The implementation of additional visual-
izations is time-consuming, and therefore only beta diversity
visualizations are integrated. Furthermore, specific design
choices were criticized by participants. The OTU selection
parameter was described as “counterintuitive” by Participant
B. In addition, the use of Aitchison distance was questioned
by the same participant, indicating uncertainty regarding its
appropriateness in this context. Finally, all participants were
sourced from affiliated institutions. This may have introduced
bias, as their background and familiarity with the domain
could have influenced their feedback and evaluation out-
comes.

4.3 Further research

For future research on expanding the visualization module,
the following recommendations are proposed. First, as said
by all the participants, the module needs additional visu-
alizations to be useful. Adding relative abundance stacked
plots and per-sample histograms could make the module
more suitable for their workflow. Integrating in-app tooltips
and guided decision support to educate users on when to
select Aitchison versus Bray-Curtis metrics. Second, some
technical improvements can be made, such as removing the
OTU selector and revising the Aitchison distance metric.
Another improvement is giving more details about the met-
rics used, give an overall description of each dataset, and
being able to export the visualization with its settings. Third,
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as this study represents a formative evaluation within a single
DSR iteration, future research should validate these pre-
liminary usability findings with a larger, independent user
base drawn from diverse institutions and expertise levels.
At last, showing that edge functions are useful for cal-
culating and processing data, it paves the way for more
research on this topic. Edge functions are underutilized,
and their privacy and security benefits are overlooked. More
research on the usage and integration of edge functionality is
recommended.

5 Conclusion

Thisresearch addressed the challenge of enabling composition-

aware beta diversity visualization within FAIRDatabase for
human microbiome data. Microbiome research is grow-
ing in relevance and with strict privacy constraints, data
sharing is limited. The FAIRDatabase was developed to
address these challenges, yet lacked a visualization module
for exploratory analysis. This study extended FAIRDatabase
with a composition-aware beta diversity visualization mod-
ule implemented using edge functions.

To answer the main research question,“how can a
composition-aware beta diversity visualization module be
implemented using edge functions to support researchers
with effective exploratory analysis", this research demon-
strated that implementation is feasible and functional. The
module provides an intuitive interface, applies appropri-
ate compositional transformations, and displays relevant
information to support interpretation. Nevertheless, its effec-
tiveness depends on individual researcher workflows, and
the addition of further visualization types would improve
its effectiveness. This research contributes a working visu-
alization module that integrates composition-aware beta
diversity analysis into FAIRDatabase using edge functions,
demonstrating that edge functions can handle computa-
tions while preserving data security, offering a module for
privacy-preserving analysis in sensitive research domains.
The requirements specification and implementation provide
a foundation for future development of microbiome data
visualization tools. This work represents a first iteration of
the visualization module. Future research should expand the
available visualizations and the advantages of using edge
functions should be further explored.
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