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Abstract 

Bridging the gap between learning algorithms and biological interpretation remains the central challenge of bioinformatics education. To move 
students be y ond just learning code and acquire higher-order kno wledge, educators f ace a comple xity o v erload when attempting to design 
realistic learning experiences. Simulating realistic data forces educators to master different tools and dependencies. Existing simulators are 
built for benchmarking and lack the narrative context essential for teaching interpretation; this limitation pre v ents a shift from problem-solving to 
what we believe should be an immersive ‘storyline-based learning’. Eduomics is a Nextflow pipeline designed to simulate data, create stories, 
and impro v e teaching. It pro vides port able simplicit y, b y automating the generation of v alidated genomic and transcriptomic datasets while 
abstracting a w a y all technical requirements. Uniquely, it le v erages the Gemini API to construct clinical narrativ es consistent with the simulations. 
Rather than analysing isolated datasets, students engage with a cohesive biomedical story, replicating the cognitive demands of real-world 
diagnostics. Eduomics f acilitates massiv e scaling: educators can generate hundreds of unique, v alidated datasets f or assessments or tutoring 
in a matter of hours. By removing barriers to adoption and embedding raw data within a rich clinical context, eduomics offers an accessible, 
scalable solution to truly inno v ate bioinf ormatics education. 
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he rapid evolution of next-generation sequencing (NGS)
echnologies has profoundly reshaped both biomedical re-
earch and clinical practice. The continued decrease in se-
uencing costs, together with the proliferation of multi-omics
ata, is transforming the life sciences into a data-intensive dis-
ipline. As a result, students enrolling in biomedical studies
re increasingly expected to manage complex computational

orkflows: bioinformatics has thus become a cornerstone of 
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modern life sciences education. Consequently, there is a grow-
ing consensus that bioinformatics training should be intro-
duced early in higher-education curricula [ 1 –3 ] to equip future
scientists with the computational and analytical competencies
required in contemporary laboratories. 

In this context, simulated datasets offer a controlled
and flexible environment where learners can engage with
realistic workflows without raising ethical or privacy con-
cerns. However, using existing tools for data simulation in an
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educational setting remains challenging. Most of these tools
are designed for benchmarking software or algorithm devel-
opment, rather than for educational purposes. An educator
faces a steep learning curve, which is a barrier to the adop-
tion of simulations as part of common teaching and learning
designs. Their use typically requires choosing the appropriate
software, installing their dependencies, generating compatible
reference datasets, creating input files in specific formats, and
manually integrating intermediate outputs. Even when these
obstacles are faced, significant extra work is required to con-
nect the data generated by existing simulators with the un-
derlying molecular mechanisms and the clinical phenomena
they participate in. However, embedding the simulations in
the appropriate context is necessary to interpret the analysis
results. This is an essential skill that educators aim to develop
in students. A few examples of this gap can be observed in ge-
nomics, where different solutions have been developed to sim-
ulate genetic and transcriptomic data. For example, a broad
ecosystem of variant-injection and genome-perturbation tools
enables users to embed predefined variants into simulated
reads or alignment files, thereby providing high-fidelity bench-
marks for variant calling and alignment evaluation [ 4 –8 ].
Similarly, a variety of tools have been developed to simulate
RNA sequencing (RNA-seq) reads for benchmarking quantifi-
cation and differential-expression workflows. This software
can model experimental biases such as GC content, tran-
script length, and positional effects, enabling the creation of
datasets with known differentially expressed genes (DEGs)
[ 9 –11 ]. While these tools produce realistic data, their work-
flow is fragmented and context-dependent: each focuses on a
single step of the process, leaving users responsible for chain-
ing outputs, normalizing file formats, and managing parame-
ters. An additional challenge educators face, especially when
dealing with data simulations in official curricula, is the need
to generate hundreds of datasets with the same characteris-
tics: this is because different datasets are needed not only for
classes, but also for exercises, tutoring, and, more importantly,
assessments. 

Automated, accessible, scalable, and portable solutions
are needed to overcome this key challenge. In recent years,
a few end-to-end NGS simulation pipelines have emerged,
which generate synthetic biological datasets designed to
mimic sequencing experiments. These frameworks repro-
duce empirical features such as sequencing errors, muta-
tion spectra, and gene expression profiles, producing real-
istic resources for benchmarking, workflow optimization,
and software validation [ 12 –14 ]. Yet, even these compre-
hensive pipelines remain primarily research- and benchmark-
oriented: they offer technical realism without addressing the
need, compelling in education, to contextualize the molecu-
lar data simulated within biological systems, or even clinical
scenarios. 

To bridge these key gaps, we developed eduomics: the
pipeline is designed to generate hundreds of datasets, en-
abling the acquisition of both technical proficiency as well
as conceptual understanding, and to provide teachers with
a single end-to-end tool which transforms complex simula-
tions into an accessible educational opportunity. Eduomics
is a Nextflow-based pipeline specifically designed for educa-
tional use that automates all key steps of NGS simulation,
from reference preparation to results interpretation. Unlike
traditional simulators, this pipeline generates biologically co-
herent variant calling and RNA-seq datasets enriched with
clinically validated variants and realistic transcriptomic pro- 
files. Each simulation is defined by a known ground truth,
ensuring full control over the injected variants or expression 

changes and allowing students to trace analytical outcomes 
back to their biological causes. By integrating Google Gem- 
ini’s generative capabilities, the pipeline links molecular al- 
terations to AI-derived clinical narratives, creating immersive 
learning experiences. This educational design goes beyond 

the traditional problem-based learning by introducing a more 
complete, scenario-driven framework. Through the combina- 
tion of validated data, clinical context, and narrative design,
this approach establishes a pedagogical framework grounded 

in storyline-based learning, enabling students to explore the 
biological significance of computational results in realistic 
biomedical contexts. Students are more engaged, understand 

better the significance of their work, and, therefore, are likely 
more motivated to follow along in the journey. 

Materials and methods 

Pipeline implementation 

Eduomics was implemented using the Nextflow DSL2 lan- 
guage [ 22 ], following the modular structure and best-practice 
guidelines of the nf-core community [ 23 ]. The workflow is 
composed of 16 modules from the shared nf-core repository,
and 14 modules specifically developed to enable the pipeline’s 
peculiar functionalities. These latter modules wrap custom 

scripts implemented in R, Bash, and Python. Software de- 
pendencies are resolved using Conda, Docker, or Singular- 
ity, ensuring portability and reproducibility across compu- 
tational environments. Continuous integration tests are exe- 
cuted through GitHub Actions on small datasets, while full- 
scale benchmarking was carried out on Google Cloud. The 
eduomics pipeline is openly available at https://github.com/ 
lescai-teaching/eduomics . 

Input definition 

The pipeline requires a sample sheet in CSV format, used to 

define the simulation parameters. This file specifies the type 
of workflow to be executed (variant calling or RNA-seq) and 

includes optional and mandatory fields. Among the optional 
parameters, two are particularly relevant: (i) capture, a path to 

an exome capture BED file, required for variant-calling simu- 
lations; and (ii) the similarity threshold, a Jaccard index used 

to construct similarity networks from Gene Ontology (GO) 
annotations (see later), applied to RNA-seq simulations. Ad- 
ditional parameters allow users to select the chromosome, se- 
quencing coverage, number of replicates, and grouping of sim- 
ulated datasets. 

Variant calling simulation workflow 

Reference sequences from the GRCh38 genome assem- 
bly [ 24 ] were subset to the user-specified chromosome 
and indexed using nf-core modules samtools_faidx (sam- 
tools v1.21) [ 25 ], bwa_index (bwa v0.7.18) [ 26 ], and 

gatk4_createsequencedictionary [ 27 ]. Target regions for the 
simulation were processed with the local module subset- 
capture, implemented in Bash and relying on bedtools [ 28 ] 
and htslib [ 29 ]. This module compressed and indexed the 
capture BED file, extracted the chromosome-specific inter- 
vals, and generated padded regions ( ±50 and ±500 bp).
Reference Variant Call Format (VCF) files from gnomAD,

https://github.com/lescai-teaching/eduomics
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ills indels, 1000G, and dbSNP [ 24 ] were subset to the same
egions using gatk4_selectvariants, providing interval-specific
les. ClinVar variants have been downloaded from release
RCh38 in VCF format and were processed with the lo-

al module subvar, implemented in Bash with htslib, which
tandardized chromosome nomenclature, extracted variants
verlapping the target regions, and stratified the resulting
et into distinct VCF files containing benign or pathogenic
ecords. Together, these steps generated the DNA reference
undle, including a chromosome-specific genome FASTA with
he relative index, the bwa index, capture targets, interval-
pecific VCFs, and curated ClinVar sets, which were used
s the basis for read simulation and variant calling. Read
imulation was carried out by first generating a profile for
 sequencing experiment on the target chromosome with
gsim [ 30 ]: this generated paired-end FASTQ files from

he chromosome-specific reference FASTA. The simulated
eads were aligned to the same reference using bwa-mem,
nd the resulting BAM files were indexed with samtools.
ownstream pre-processing followed the GATK Best Prac-

ices guidelines: duplicate reads were identified and marked
ith gatk4_markduplicates; base quality score recalibration

BQSR) was performed with gatk4_baserecalibrator, using
nown sites from dbSNP and Mills indels; the recalibrated
AMs were produced with gatk4_applybqsr and re-indexed;
ariants were called with gatk4_haplotypecaller. Finally, the
esulting VCF was passed, together with the recalibrated
AM files and the chromosome-specific FASTA, to the lo-
al module simuscop_seqtoprofile. The module, implemented
ith SimuSCoP v1.1.2 [ 8 ], produced a profile file represent-

ng sequencing- and variant-related characteristics. The be-
ign and pathogenic variant sets obtained from ClinVar were
hen converted into the variation format required by SimuS-
oP using the local module pyconvertosim. This Python-
ased step (v3.9) generated three types of files: a baseline
ariation file containing only benign variants, a pathogenic
ariation file, and multiple combined variation sets, each in-
luding the benign background plus one pathogenic vari-
nt. Each combined variation file was then processed with
he module simuscop_simureads, which integrates sequenc-
ng profiles, reference genome, capture intervals ( ±500 bp),
nd the prepared variant sets to simulate case and control
amples from the selected chromosome. For each pathogenic
ariant, paired-end FASTQ files were generated, representing
ontrol samples (containing only benign variants) and case
amples (containing both benign and the selected pathogenic
ariant). 

Simulated case and control reads were then processed
ointly following the GATK Best Practices, from alignment
o variant calling, producing single-sample genomic VCFs
gVCFs). To enable joint genotyping across samples, the
VCFs were processed with gatk4_genomicsdbimport and
ubsequently genotyped with gatk4_genotypegvcfs, generat-
ng a combined, multi-sample VCF. 

The combined VCF was then compared with the simu-
ated case/control reads using the local module dnavalidation,
mplemented in Bash. This step verified the presence of the
njected pathogenic variant within the simulated dataset by
atching its genomic position in the VCF to the expected co-
rdinates. The validated VCF, together with the correspond-
ng simulated reads, was then stored in variant-specific result

irectories. 

 

RNA-seq simulation workflow 

The GRCh38 genome assembly [ 24 ] was first subset and in-
dexed to match the target chromosome with the nf-core mod-
ule samtools_faidx. The genome GFF3 annotation from GEN-
CODE v48 was filtered to retain only protein-coding tran-
scripts from the user-selected chromosome. The annotation
file was processed with the local module subsetgff, based on
an R script relying on rtracklayer v1.66.0 [ 31 ] for GFF3 pars-
ing, AnnotationDbi v1.68.0 [ 32 ], and org.Hs.eg.db v3.20.0
[ 33 ] to retrieve GO annotations. To generate simulations in
which DEGs produced a meaningful enrichment analysis, we
selected a subset of transcripts that shared membership across
enough ontologies and use these sets to generate the data.
To this purpose, a transcript-GO incidence matrix was gen-
erated, a pairwise transcript similarity was calculated as a
Jaccard index (default 0.3) [ 34 ], and a transcript similarity
network was constructed with igraph v1.5.1 [ 35 ]. Gene com-
munities were identified using the Louvain community de-
tection algorithm, and to ensure biological plausibility, only
clusters containing more than three but fewer than 10% of
the total genes in the chromosome were retained. The bio-
logical relevance of these clusters was subsequently assessed
through GO enrichment analysis performed with clusterPro-
filer v4.14.0 [ 36 ], producing a set of gene lists. The refer-
ence transcriptome (GENCODE v48 FASTA) was filtered with
the local module subsetfastatx, which implements an R script
for transcript-annotation matching and uses Biostring v2.74.0
[ 32 ] for sequence handling, resulting in a chromosome-specific
transcript FASTA. 

Synthetic count matrices were then produced with the local
module countmatrices, based on in-house R functions. Base-
line counts were initialized proportionally to transcript length
and user-defined coverage, then fold changes were applied to
the GO-selected transcripts to encode coherent up- and down-
regulation across groups and replicates. Read-level simula-
tion was carried out with the local module polyester_simulate,
which uses the polyester package v1.38.0 [ 10 ] to generate syn-
thetic reads from the filtered transcript FASTA. In the current
implementation, the module operates in count-matrix mode,
receiving the simulated count matrices as input to produce the
reads. Although the workflow supports an alternative mode
based on simulated fold changes, this functionality is not
yet implemented. Simulated reads were produced in gzipped
FASTA format and provided as input for downstream analy-
ses. Quantification of simulated reads was performed with the
nf-core module salmon_quant using salmon v1.10.3 [ 37 ] in
mapping-based mode. Gene-level counts were then obtained
in R with tximport v1.34.0 [ 38 ] by mapping transcripts to
genes using the tx2gene file derived from the filtered annota-
tion. Differential expression analysis was carried out through
the deanalysis module, implemented using DESeq2 v1.46.0
[ 39 ]. The sample design was constructed from the specified
numbers of replicates and groups, genes with low counts were
pre-filtered, and the condition was modelled using the de-
sign formula ∼ condition. Standard diagnostic (including MA,
dispersion, and counts plot) and exploratory summary plots
(principal component analysis - PCA - and heatmap) were gen-
erated. The results were exported as a ranked table listing ad-
justed P -values (padj) and log 2 fold changes. Genes were de-
fined as differentially expressed when padj < 0.05. Functional
enrichment was performed using the enrichment module with
clusterProfiler, testing the different GO ontologies (Biological
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on chromosome 22. 
Processes - BP, Molecular Functions - MF, and Cellular Com-
ponents - CC). Summary visualizations (dot plots and cnet-
plots) were generated for each ontology. A final validation
step was implemented in the local module rnaseqvalidation,
which relies on an R script using DOSE v4.0.0 [ 40 ]. A simu-
lation was classified as successful when at least one ontology
(BP , MF , or CC) contained three or more significantly enriched
terms. Upon validation, the RNA framework produced a com-
plete set of outputs suitable for downstream training and inter-
pretation. These include: (i) a reference bundle (FASTA tran-
scriptome, index files, annotation GFF3), (ii) simulated reads
in gzipped FASTA format, (iii) differential expression results,
(iv) functional enrichment results, and (v) a collection of diag-
nostic and exploratory plots. 

AI-based scenario generation 

A final module, aiscenarios, is shared by both the variant call-
ing and RNA-seq workflows. This module generates patient-
inspired clinical narratives from the simulated data using the
Google Gemini API. Depending on the input, the module in-
gests either pathogenic variants with the corresponding gene
from the variant calling workflow (provided with the option
‘ –variant’ and the format ‘chr22-1234-A-T’, and with op-
tion ‘ –gene’ and format ‘TANGO2’ to the script) or lists of
DEGs from the RNA-seq workflow (provided with the op-
tion ‘ –genes’ and the format ‘BRCA1, TP53, EGFR’ to the
script). The corresponding Python script, implemented with
the google-genai library (v1.9.0) [ 41 ], instructed Gemini to
generate a detailed clinical scenario describing a hypotheti-
cal patient, including relevant clinical features, family history,
and diagnostic clues consistent with the underlying molecular
and genetic dysfunctions. The output of this module consisted
of a text file containing realistic clinical cases, which serve as
the final layer of the storyline-based educational framework of
eduomics. More details on the prompt used for the two dataset
types and an example of the exact formulation used to gener-
ate each scenario is given in the Supplementary Materials . 

Results 

Eduomics is a pipeline designed to simulate genomics data,
create stories to accompany the datasets, and to improve
teaching. It provides portable simplicity by automating the
generation of validated genomic and transcriptomic datasets
while abstracting away all technical requirements. The
pipeline has been developed using the Nextflow DSL2 lan-
guage, combining modular processes in line with nf-core com-
munity standards. The pipeline integrates 16 modules from
the shared nf-core repository and 14 modules specifically de-
veloped to enable the pipeline functionalities (called “local”,
according to the nf-core community nomenclature). 

The release 1.1.0 ( https:// zenodo.org/ records/ 17552833 ,
accessed on 7 November 2025) accepts a sample sheet in
CSV format as an input: this file defines the parameters for
each simulation, which produces validated variant calling and
RNA-seq datasets together with AI-generated clinical scenar-
ios. An overview of the main workflow is shown in Fig. 1 ,
and a detailed pipeline diagram is provided in Supplementary
Information ( Supplementary Fig. S1 ). 

The variant calling workflow (Fig. 1 A) generates synthetic
resequencing data by injecting known, likely pathogenic or
pathogenic variants from the ClinVar release into a user-
defined genomic interval. This workflow generates simulated 

raw reads from a case/control sample design and processes 
them according to GATK Best Practices to validate the re- 
sults. This ensures that the DNA datasets resemble realistic 
resequencing experiments while embedding variants of clini- 
cal relevance. 

The RNA-seq workflow (Fig. 1 B) simulates transcriptomic 
data with biologically meaningful differential expression. This 
workflow prepares the reference files, applies fold changes to 

selected gene sets generated from common ontologies in GO,
and generates synthetic read counts, followed by quantifica- 
tion and enrichment analysis, to validate the simulated data.
This design allows the simulation of RNA-seq datasets that 
reproduce expression patterns consistent with biologically rel- 
evant pathways. 

By processing both types of simulations through a complete 
analysis workflow, only those simulated datasets which pro- 
duce the expected results are saved by the pipeline. Validated 

results serve as input to a common module that employs the 
Google Gemini API to generate patient-inspired clinical sce- 
narios. These scenarios represent a key outcome of eduomics,
with the goal of bridging the operational understanding of 
computational tools with the clinical interpretation as a key 
element of the teaching and learning approach. 

To evaluate performance, we benchmarked eduomics on 

human chromosome 22. The pipeline was tested both on an 

on-premise HPC system (SLURM scheduler) and on Google 
Cloud, to demonstrate full portability across computational 
environments. As a case study, we present here the run on 

Google Cloud Platform, which allows a more fine-grained re- 
port of the workflow performance and resource utilization 

(Fig. 2 ), as well as the actual costs. The simulation completed 

in ∼7 h (Fig. 2 A), involving a total of 11 794 submitted jobs 
(Fig. 2 B), and an estimated execution cost of €199.11. 

The pipeline comprises a series of well-known memory- 
intensive tasks, such as GATK HaplotypeCaller for variant 
calling, GATK MarkDuplicates for identifying and marking 
duplicate reads, and polyester for RNA-seq read simulation.
As shown in Fig. 2 C, these components exhibit distinct mem- 
ory usage profiles reflecting their computational nature. Hap- 
lotypeCaller displayed the greatest variability, with memory 
consumption ranging from ∼2 to 6 GB, consistent with the 
dynamic allocation required for the local de novo assembly 
performed during variant calling. MarkDuplicates maintained 

a stable peak around 5 GB, corresponding to the handling 
of large BAM files during duplicate identification. Similarly,
polyester required around 4.5 GB of memory. Overall, these 
results confirm that eduomics efficiently manages a large num- 
ber of parallel jobs across multiple compute nodes: the par- 
allelism of the execution is visible in the Gantt Chart (Fig.
2 A), and the number of jobs running at the same time can 

be appreciated in Fig. 2 B. This ensures stable performance 
and smooth execution despite the complexity of the pipeline 
( Supplementary Information ). 

The variant calling workflow achieved a validation rate 
of 38.2%, validating 241 out of 631 injected pathogenic 
variants. The RNA-seq workflow reached a validation rate 
of 78.5%, with 11 out of 14 differential expression pat- 
terns successfully recovered after quantification and dif- 
ferential expression analysis (Supplementary Information 

and Supplementary Fig. S2 ). Figure 3 provides two illustra- 
tive examples of simulations generated from the benchmark 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag029#supplementary-data
https://zenodo.org/records/17552833
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag029#supplementary-data
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Figure 1. Ov ervie w of the eduomics pipeline. T he pipeline comprises tw o main w orkflo ws: ( A ) the v ariant calling w orkflo w, which simulates 
resequencing data with selected likely pathogenic and pathogenic variants, and ( B ) the RNA-seq workflow, which generates transcriptomic datasets with 
biologically meaningful differential expression. The outputs produced from each workflow converge into a final common module that employs Google 
Gemini to generate patient-inspired clinical scenarios. The arrows illustrate the logical progression of each workflow, from initial inputs to final outputs. 

Figure 2. Progress and performance of the benchmark analysis on chromosome 22. The figure represents different performance indicators for a run of 
eduomics tasked to produce both variant calling and RNA-seq datasets. ( A ) Gantt plot showing the execution timeline of eduomics tasks. Each bar 
represents the start and completion time of individual tasks. ( B ) The plot represents the progress of the analysis on Google Cloud, illustrating the 
dynamic status of tasks (pending, running, completed) o v er time. ( C ) B o xplot summarizing memory utilization for the top three most memory -intensiv e 
steps in the w orkflo w. 
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PEX26 - ENST00000399744 
protein-coding

27,41 kb

chr22-18078561-G-A

18,077,990 18,105,396

(A)

(B) (C)

Figure 3. Ex emplificativ e results from the benchmark analy sis on chromosome 22. ( A ) Example from the DNA v ariant calling w orkflo w. T he diagram is a 
‘lollipop plot’, commonly used in medical genetics to highlight where a mutation might hit a rele v ant gene, and shows the PEX26 gene 
(ENST0 0 0 0 0399744) located on chromosome 22. In this simulation, a stop-gained mutation was introduced at position 18078561 (G > A). ( B ) Example 
from the RNA-seq w orkflo w. Heatmap of the 20 most highly expressed genes across simulated samples, with colours ranging from blue (lower 
expression) to red (higher expression). ( C ) Standard dot-plot representing the results of the over-representation analysis carried out on DEGs against GO 

biological processes, where the gene ratio represents the proportion of DEGs contributing to the enrichment versus the genes annotated to the 
ontology. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3 A illustrates an example from the variant call-
ing workflow. The case corresponds to the injected stop-
gained mutation chr22-18078561-G-A in the PEX26 gene
(ENST00000399744), resulting in a premature termina-
tion codon (p.Trp62Ter). This variant is annotated as
pathogenic/likely pathogenic in ClinVar. In the simulated
dataset, aligned reads from the case sample display an ade-
nine (A) at position 18078561, in contrast to the guanine (G)
present in both the control sample and the human reference
genome. 

The affected codon lies within the N-terminal region of the
peroxin-26 protein, a peroxisomal membrane anchor essential
for the assembly and biogenesis of peroxisomes. Truncating
mutations in PEX26 are known to disrupt peroxisome bio-
genesis, leading to defective import of matrix proteins and the
accumulation of very long-chain fatty acids (VLCFAs) [ 15 ].
The simulated clinical scenario ( Supplementary Information, 
Scenario 1 and 2 ) generated by eduomics reproduces a coher-
ent genotype –phenotype correlation consistent with a peroxi-
some biogenesis disorder. The patient presents signs of devel-
opmental delay, hypotonia, and early-onset pigmentosa. Con-
sistent with the known literature on the disease [ 16 , 17 ], the
generated clinical scenario describes biochemical investiga-
tions showing elevated VLCFA levels, which, together with
the neurological symptoms, visual impairment, and liver in-
volvement, support the diagnosis of a peroxisomal biogenesis
disorder. The integration of variant calling with the genera-
tion of a phenotypic and clinical history thus exemplifies the 
educational potential of the workflow in demonstrating the 
molecular link between a pathogenic variant and a real-world 

clinical scenario. 
An example of the validated simulations generated by 

the RNA-seq workflow is presented in Fig 3 B. The heatmap 

displays the 20 most highly expressed genes, highlight- 
ing a clear separation between control samples (sam- 
ple 01 –03) and case samples (sample 04 –06). Notably,
five genes (ENSG00000182541, ENSG00000185666, 
ENSG00000183785, ENSG00000184702, 
ENSG00000100284) show a particular differential ex- 
pression profile between conditions. These were subsequently 
identified as significantly differentially expressed, together 
with the complete set of significantly DEGs reported in 

Supplementary Table S1 . The functional enrichment analysis 
revealed a strong over-representation of molecular functions 
related to nucleotide binding and GTPase activity (padj 
< 10 

−6 ), reflecting the involvement of genes in processes 
such as energy metabolism and intracellular signalling,
which are frequently dysregulated in neurodevelopmental 
and skeletal disorders [ 18 , 19 ]. These findings support the 
biological coherence of the simulated dataset, which served 

as the molecular foundation for eduomics to generate an 

AI-derived clinical scenario. An example of such scenario is 
reported in Supplementary Information, illustrating a patient 
affected by progressive neurological decline, developmental 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag029#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag029#supplementary-data
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elay, and skeletal abnormalities. The diagnostic investi-
ation described in Gemini’s generated scenario revealed
iffuse cerebral atrophy, ataxia, and hypotonia, pointing
o a complex neurological and skeletal disorder. In this AI
linical picture, whole-genome sequencing was also included
mong the diagnostic investigations to further elucidate the
nderlying molecular cause, mirroring real-world clinical
ractice. Similarly to the variant calling workflow, the in-
egration of transcriptomic profiling with an AI-generated
edical history exemplifies the educational potential of the
NA-seq workflow in linking altered gene expression pat-

erns to clinically interpretable scenario. A detailed example
f classroom implementation is provided as part of the
upplementary Material . Other AI solutions were explored,
ut Gemini offered the higher API rates in the free tier, and
herefore our choice was largely driven by accessibility, i.e.
ffering the opportunity to educators to use all eduomics
eature regardless of the availability of a licence to a particular
I provider. 

iscussion 

roblem-based learning supported by data simulations pro-
ides students with the opportunity to practise data anal-
sis in realistic and controlled environments. At the same
ime, such resources allow instructors to promote active learn-
ng through hands-on experience. Widespread introduction of
imulated datasets in bioinformatics education is, however,
ampered by several challenges. From a technical perspec-
ive, there are significant barriers to adoptions: steep learning
urves, specific requirements each tool has, difficulties in de-
loyment, lack of automation, combined with the need to gen-
rate hundreds of datasets in contexts where simulated data
erve also for tutoring and assessment [ 4 –14 ]. From a peda-
ogical perspective, learning bioinformatics goes beyond ac-
uiring methodological knowledge; however, we argue that
roblem-based learning alone is not sufficient to achieve long-
erm professional proficiency. According to the structured of
he observed learning outcome taxonomy [ 20 ], higher-level in-
ended learning outcomes involve the development of cogni-
ive processes described by verbs such as ‘explain’, ‘theorise’,
hypothesise’ [ 20 , 21 ]: achieving these outcomes requires stu-
ents not only to move beyond the acquisition of procedu-
al skills, but also beyond the application of specific tools to
ifferent questions, and demonstrate instead a broader con-
eptual understanding. To reach these goals, data simulations
ust be integrated with a wider educational context that pro-

ides a clear purpose, an end goal, and an authentic motiva-
ion for the students to learn technical skills and apply them to
eal-life scenarios. At the same time, this context should train
tudents to interpret their results in light of the bigger picture
nd to reach original conclusions. This pedagogical strategy
reates a narrative framework that helps students understand
ot only how to perform analyses, but also the intrinsic be-
aviour of biological data they explore within a realistic con-
ext. We called this storyline-based learning. 

Eduomics has the ambition to introduce a disruptive inno-
ation in bioinformatics education by addressing these chal-
enges and enabling such a holistic approach to teaching and
earning. By developing this Nextflow-based pipeline and au-
omate all steps of NGS simulations, we demonstrate that real-
stic genomic and transcriptomic simulations can be made ac-
essible to bioinformatics educators without prior knowledge
of simulation software, and can be deployed in a scalable way,
producing pedagogically meaningful datasets. With this solu-
tion, instructors are only required to define a chromosome and
select the type of simulation; this approach eliminates techni-
cal entry barriers, and allows the adoption of a scenario-based
teaching design with appropriate datasets. By generating hun-
dreds of data, combined with unique clinical scenarios, edu-
cators can assign unique datasets to each student or group,
creating personalized learning experiences while maintaining
reproducibility and consistency. This design supports a wide
scale of teaching opportunities, from small-group workshops
to large online courses. In addition, because each dataset is
biologically validated against a known ground truth, instruc-
tors retain the full control over the simulated events and can
ensure that analytical outcomes are always traceable back to
their molecular causes. Thanks to its Nextflow implementa-
tion, eduomics is fully portable across infrastructures and can
be deployed both on local high-performance clusters and in
cloud environments at minimal cost. This ensures that high-
quality simulations are affordable and accessible to educa-
tional institutions regardless of their computational resources.

Despite all these advantages, the current version of
eduomics still presents a few limitations, which will be ad-
dressed in future releases. The number of simulations pro-
duced by the variant-calling workflow is significantly higher
compared to those generated by the RNA-seq workflow. This
difference is partly expected, as the simulations were limited
to a single chromosome. This constraint is necessary to keep
the resulting data files sufficiently small to be shared, and the
run times sufficiently short to fit into the duration of a lec-
ture. While each single variant can produce a simulation, genes
must be selected in sets to simulate meaningful differential ex-
pression patterns. Therefore, the number of variants per chro-
mosome is inherently larger than the number of genes sets
which can be generated, and produce valid functional enrich-
ments. The complexity of generating transcriptomic profiles
is constrained by the gene ontologies of the selected chromo-
some. A key parameter influencing the outcome of the RNA-
seq simulations is the similarity threshold (default = 0.3). By
fine-tuning this parameter across different runs of the pipeline,
users can modulate the number of the generated RNA-seq
datasets. This limitation might be partially addressed by in-
cluding other annotations (KEGG, Reactome) in addition to
GO. The validation rates are different for the variant-calling
and the RNA-seq data due to the design of the simulations:
while pathogenic variants are injected as reported in ClinVar,
and simulated data are validated to assess whether the injected
variant has been called at the end of the workflow, DEGs are
carefully chosen using ontologies before reads are simulated,
and therefore there are fewer variables impacting their valida-
tion with enrichment criteria. The validation rate of the vari-
ant calling is acceptable, considering that read error profile,
coverage variability, and GATK defaults are the main causes,
and that a larger number of simulations is produced. 

An additional limitation might be related to the quality
of the AI-generated scenario: our tests have consistently pro-
duced high-quality output, which is certainly beyond the scope
the scenario is meant to be used in (context and clues). The
end user should, however, always check the text for poten-
tial hallucinations, and play a role in choosing more suitable
scenarios for their teaching context. We have also found that
variant-calling scenarios provide more consistent and easier-
to-interpret clues compared to transcriptomics scenarios: this

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag029#supplementary-data
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is due to the inherently more straightforward relationship be-
tween a clinically relevant mutation and a disease, compared
to how a differentially expressed pathways might contribute
to a pathological phenotype. 

In summary, eduomics bridges the gap between mastering
computational tools and understanding their biological im-
plications. It transforms complex simulation workflows into
guided, narrative-driven learning experiences that allow ed-
ucators to deliver, and students to appreciate, the richness
and complexity of biomedical data. By combining automa-
tion with biological and clinical storytelling, eduomics rede-
fines bioinformatics training into an engaging, creative, and
intellectually rewarding experience for the next generation of
scientists. 
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