FEMS Microbiology Letters, 2026, 373, fnag093
https://doi.org/10.1093/femsle/fnag093
Published: 17 August 2026

Research article - Professional Development

'F'EMS OXFORD
Fantastic microbes and where to find them: evaluating

learning-by-doing outcomes in a crowdfunded
metagenomics workshop

Giulia Ghisleni “*** Ellen Dow?*, Teresa lovino®, Pamela Jael Colman-Vega?, Alessia Dicesare*,
Emanuele Guanella?, Yodit Maria Bacchi!, Althea Colombo?!, Maristella Leccese!, Matilde Marzucchi®*®,
Margherita Emma Gorla', Alessandra Caracciolo?, Alessio Sala’, Polina Makarycheva’, Sharon

Cristal Rubrical, Andrea Ferrier®, Alice Armanni !, Sara Fumagalli “'%, Elisha Wood-Charlson?,
Antonia Bruno !

!Department of Biotechnology and Biosciences, University of Milano-Bicocca, 20126 Milan, Italy

2Environmental Genomics and Systems Biology Division, E.O. Lawrence Berkeley National Laboratory, Berkeley, CA 94720, United States
3Catalan Institute for Water Research (ICRA-CERCA), 17003 Girona, Spain

“Department of Material Science and Nanotechnology, University of Milano-Bicocca, 20125 Milano, Italy

°Dipartimento di Scienze della Terra e del Mare, University of Palermo, 90128 Palermo, Italy

5Department of Life sciences, University of Siena, 53100 Siena, Italy

"School of Biosciences and Veterinary Medicine, University of Camerino, 62032 Camerino, Italy

8Department of Agricultural, Forest and Food Sciences, University of Turin, 10124 Turin, Italy

*Corresponding author. University of Milano-Bicocca, Department of Biotechnology and Biosciences, P.za della Scienza, 2, 20126 Milano, Italy.
E-mail: giulia.ghisleni@unimib.it

iThese authors equally share the first-author role

Editor: Beatrix Fahnert

Abstract

Metagenomics offers a powerful framework for authentic, interdisciplinary learning, yet it remains underrepresented in
undergraduate education due to technical and infrastructural barriers. We hypothesized that a research-based, learning-
by-doing metagenomics workshop supported by accessible bioinformatics tools could enhance students’ perceived skills,
self-efficacy, and conceptual understanding of metagenomic analysis. To test this hypothesis, we designed and evaluated
a hybrid hands-on workshop in which undergraduate and postgraduate students analyzed real environmental shotgun
metagenomic datasets generated from soil samples collected during a citizen science initiative. Using the graphical work-
flow platform KBase, participants completed an end-to-end metagenomic analysis, from quality control and assembly to
genome reconstruction, taxonomic classification, functional annotation, and scientific presentation of results. Educational
outcomes were assessed through validated retrospective pre-post questionnaires, self-efficacy scales, and an open-ended
conceptual understanding task. Participants showed significant increases in perceived metagenomic skills and confidence
in performing metagenomic analyses, while gains in perceived learning showed a positive trend. Conceptual understanding
improved across educational levels, particularly among participants with limited prior experience. Together, these findings
demonstrate that authentic, data-driven metagenomics activities can effectively lower barriers to computational biology and
foster meaningful learning through hands-on research experiences.

Keywords microbiome education, metagenomics, participatory science, citizen science, crowdfunding, educational evaluation

tidisciplinary approach that extends beyond traditional bound-
aries (Rosen and Hammrich 2020). At the same time, micro-

Introduction

Understanding and leveraging the microbiome requires the inte-
gration of biological, computational, and statistical expertise, as
well as educational, societal, and interdisciplinary perspectives.
Microbiome research sits at the intersection of biology, ecology,
computational sciences, statistics, and technology, while also de-
manding skills in collaboration, communication, and scientific
reasoning. As such, training in this field inherently involves a mul-
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biome science presents unique challenges for both researchers
and learners. The field is characterized by high levels of uncer-
tainty, rapidly evolving methodologies, and complex data inter-
pretation, which complicate both scientific practice and public un-
derstanding (Lorimer et al. 2019).

Despite its scientific and societal relevance, investigating mi-
crobiomes through metagenomic approaches remains underrep-
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resented in formal educational curricula. Nearly two decades ago,
Jurkowski et al. emphasized the urgency of integrating metage-
nomics into biology education (Jurkowski et al. 2007); however,
a significant didactic transposition delay persists (Quessada and
Clément 2007, Carvalho and Lima 2022). When included, metage-
nomics is typically confined to marginal components within
broader courses (Rosen and Hammrich 2020), or to simplified
classroom activities that expose students only to basic analytical
steps without engaging them in authentic, end-to-end research
workflows (Goller and Ott 2020).

Course-based Undergraduate Research Experiences (CURES)
have emerged as an effective framework by integrating research
into teaching. These approaches allow students to participate
in authentic scientific practice while simultaneously developing
technical skills, critical thinking, and career-relevant compe-
tencies (Parks et al. 2020). Importantly, effective CURE designs
emphasize accessibility for students with diverse backgrounds,
the use of tools that lower technical barriers (e.g. minimizing the
need for programming skills), and explicit engagement with the
limitations and uncertainties of scientific knowledge (Goller and
Ott 2020). Participation in authentic research experiences has
also been associated with increased student persistence in STEM
fields and higher levels of self-efficacy, particularly when activities
involve active learning and hands-on engagement (Sanders and
Hirsch 2014, Cottone and Yoon 2020). These benefits are espe-
cially relevant in computational biology, where perceived barriers
to entry, such as programming requirements, can discourage
participation.

Metagenomics is particularly well-suited for CURE-based imple-
mentation. Its inherently interdisciplinary nature and reliance on
real-world data make it an ideal platform for experiential learn-
ing, enabling students to engage in discovery-based, technology-
driven research (Sanders and Hirsch 2014). By engaging students
in real data analysis, these approaches foster not only technical
competencies but also an understanding of the epistemological
dimensions of science, including uncertainty, reproducibility, and
the complexity of interpreting biological systems (Alexander et
al. 2024). Moreover, introducing students to emerging scientific
fields has been shown to promote deeper engagement with funda-
mental scientific questions and to foster independent inquiry (Ju-
rkowski et al. 2007). In this sense, learning becomes a process of
knowledge co-production, where students actively construct un-
derstanding through interaction with data and scientific tools. In
this context platforms, such as U.S. Department of Energy Sys-
tems Biology Knowledgebase (KBase) (Arkin et al. 2018, Wood-
Charlson et al. 2026), Cyverse (Swetnam et al. 2024) and Galaxy
(The Galaxy Community 2024) provide graphical user interfaces
(GUI) and computational resources for building complex bioinfor-
matics workflows, offer an opportunity to reduce technical barri-
ers and broaden participation in metagenomics.

The number of educational initiatives integrating metage-
nomics into undergraduate and graduate curricula have grown
in recent years. These include inquiry-based laboratory modules,
modular CUREs, and stand-alone courses that combine wet-lab
activities with bioinformatics analyses of authentic sequencing
datasets, often using open-source, accessible platforms such as
KBase, Galaxy, or other GUI-based tools (Kruchten 2020, Muth and
Caplan 2020, Rosen and Hammrich 2020, Baker et al. 2021, Goller
et al. 2021, Ho Pao et al. 2021, Morsink et al. 2025). Other ini-
tiatives have expanded metagenomics education through flexi-
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ble teaching modules, case studies focused on research design
and ethics, and online or blended training programs; demonstrat-
ing the adaptability of metagenomics education across diverse in-
stitutional contexts and learner populations (Duarte et al. 2020,
Alexander et al. 2024, Whitham and Goller 2026).

Despite this strong alignment between metagenomics and
CURE-based approaches, a critical gap remains: their implemen-
tation in educational settings remains limited. Faculty members
have reported that successful CURE implementation requires both
research experience and general proficiency in the relevant scien-
tific domain to effectively guide their students’ projects. In addi-
tion, integrating complex laboratory techniques and equipment
while allocating sufficient time and resources according to best
practices within a course can be difficult (Shortlidge et al. 2016,
Wang2017). More broadly, time and financial constraints, together
with the uncertainty of adapting research projects to the CURE
format, have been identified as major barriers to implementa-
tion, particularly in life science courses (Govindan et al. 2020,
Bell et al. 2025). Specific to metagenomics, barriers are not only
logistical but also structural: limited access to sequencing tech-
nologies, computational infrastructure, and user-friendly analyti-
caltools, as well as financial constraints, can prevent the adoption
of such frameworks, particularly in resource-constrained institu-
tions (Helmy et al. 2016, Isik et al. 2023). In addition, the perceived
complexity of bioinformatics workflows and the need for program-
ming expertise for both instructors and students may further dis-
courage their integration into teaching (Al-Ageel et al. 2015, Drew
etal.2023). Moreover, metagenomics-based educationalinterven-
tions are rarely accompanied by systematic, multi-dimensional
evaluation.

As a result, it remains unclear how different components of
learning, such as perceived skills, self-efficacy, and conceptual un-
derstanding, develop and interact in authentic, data-driven re-
search environments.

To address this gap, we designed and evaluated a hands-on,
research-based workshop (Fig. 1, “From Reads to Function”) in
which students performed metagenomic analyses on real environ-
mental data collected by students (Ghisleni et al. 2025) through
the KBase platform. The workshop was explicitly structured to
provide an accessible yet authentic research experience, integrat-
ing computational tools with uncertainty, collaborative problem
solving and inquiry-based learning. The objective of this study is
to assess the educational impact of this intervention by examin-
ing changesin (i) perceived metagenomic skills, (ii) self-efficacy for
learning and performing metagenomic analysis, and (iii) concep-
tual understanding of metagenomic workflows. Additionally, we
investigated how these dimensions relate to each other, provid-
ing insight into the structure of learning gains in interdisciplinary,
data-driven educational contexts.

Materials and methods

Sequencing and data generation

Six soil samples were collected from the open-air classroom, an
outdoor educational setting within the plant nursery of the Vivaio
Bicocca by students across three dates: 22 June 2023, 29 Septem-
ber 2023, and 27 March 2024, as part of the Bicocca Sampling Days
(Ghisleni et al. 2025). DNA was extracted from 250 mg aliquots of
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Figure 1 Settings and creative atmosphere during the workshop. First edition of the Workshop From Reads to Function—Hybrid Workshop on
Metagenomics and the Fantastic Microbes Around Us. All participants provided signed consent for image release.

each sample with the DNeasy PowerSoil Pro Kit (QIAGEN), and a
final elution volume of 75 uL.

Shotgun metagenomic sequencing at 5Gbp per sample was
provided through SeqCenter (Pittsburgh, PA). Illumina sequencing
libraries were prepared using the tagmentation-based and PCR-
based Illumina DNA Prep kit and custom IDT 10 bp unique dual in-
dices (UDI) with a target insert size of 280 bp. No additional DNA
fragmentation or size selection steps were performed. Illumina
sequencing was performed on an Illumina NovaSeq X Plus se-
quencerin one or more multiplexed shared-flow-cell runs, produc-
ing 2 x 151 bp paired-end reads. Demultiplexing, quality control
and adapter trimming was performed with Illumina bcl-convertl
(v4.2.4).

The metagenomic workflow was carried out using the free and
open-source platform KBase (Arkin et al. 2018, Wood-Charlson
et al. 2026) and followed an established metagenome-assembled
genome analysis (Chivian et al. 2023) with default settings for each
application, unless otherwise specified. FastQC v0.12.1 (Babra-
ham Bioinformatics—FastQC A Quality Control tool for High
Throughput Sequence Data 2023) assessed read quality, and PRIN-
SEQ v0.20.4 (Schmieder and Edwards 2011) processed read trim-
ming and quality control of the raw reads filtering out poly-G
tails. Reads were assembled using MEGAHIT v1.2.9 with the meta-
large setting (Li et al. 2015). Binning was performed using MaxBin2
v2.2.4 (Wu et al. 2014, 2016), MetaBAT2 v1.7 (Kang et al. 2015), and
CONCOCT v1.1 (Alnebergetal. 2014). DasTOOL v1.1.2 (Camacho et
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al. 2009, Hyatt et al. 2010, Buchfink et al. 2015, Sieber et al. 2018)
refined all bins for consensus. Resulting bins were filtered for qual-
ity at 50% completion rate with 10% contamination via CheckM
v1.0.18 (Parks et al. 2015) and were annotated using RASTtk v1.073
(Aziz et al. 2008, Overbeek et al. 2014, Brettin et al. 2015), then ran
through DRAM (Shaffer et al. 2020) and antiSMASH version 7.0 sec-
ondary metabolite prediction program (Blin et al. 2023, Medema
et al. 2011)). Taxonomic identification was performed using the
GTDB-Toolkit v2.3.2 (Chaumeil et al. 2022 ).

Workshop design, outline, and contents

The ‘From Reads to Function’ workshop was designed to utilize
the student-curated metagenomic data for students to go step-by-
step through analysis with an overall goal to make connections
between diversity and function of the metagenome-assembled
genomes (MAGS) representing environmental microbiomes. Using
KBase to introduce computational biology data analysis to un-
dergraduates has been successfully implemented with the plat-
form features of data sharing, reproducible workflows, and em-
bedding documentation within analysis workflows-akin to labora-
tory notebooks (Dow et al. 2021). The platform uses a GUI, which
removes barriers to participation, such as pre-requisite coding ex-
perience.

The hybrid workshop consisted of five parts to optimize time
with students while running the various analysis tools in real
time (Table 1). The first two sections were virtual—introducing
students to the KBase platform (narrative.kbase.us), and running
data analysis through the assembly stage. During the first vir-
tual session, students were introduced to the Narrative, KBase
workflow interface. Through a brief overview and hands-on in-
troductory activity, students worked through the concepts be-
hind data objects and analysis applications using GUI-wrapped
tools, and editing/documenting steps with Markdown cells. In the
second session, students were introduced to the data collected
during the Bicocca Sampling Days. Data were pre-imported into
template Narratives (https://kbase.us/n/257 010/5/) that outlined
the metagenomic analysis workflow steps. Within each Narrative,
steps and available tools were introduced, alongside instructions
for students to select the appropriate tool and run the analysis
on their assigned data. This analysis framework was paired with
lecture, the hands-on activity of walking through the analysis to-
gether, and prompts to answer at each stage. Students were or-
ganized into small, collaborative groups to analyze their sample.
Students began with quality control and processed (trimmed and
filtered) raw sequencing data, followed by read assembly. At this
stage students ran read-based taxonomy tools to review later.
They then proceeded to the analysis stage and prepared for the
in-person workshop days.

Over the first two in-person workshop days, students returned
to their analysis workflows by comparing assembly quality. Stu-
dents determined the relatively highest quality assemblies based
ontotal length, longest read length, and N50/L50 values. With their
chosen assemblies, students binned the contiguous sequences
with several tools and a bin-optimizer. While binning tools ran,
students revisited their reads-based taxonomy results. Once con-
tigs were binned, students assessed bin quality based on com-
pleteness and contamination. Students set-up annotation tools on
their medium- and high-quality bins (Bowers et al. 2017) to run
over night. On the second workshop day, students ran their MAGs
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through taxonomic classification tools, analyzed the functional
annotation outputs, and set up tools to build phylogenetic trees.
The outputs of the taxonomic identity and phylogenetic place-
ment were compared to the functional annotation for each MAG.
To conclude their analysis, students synthesized results within the
context of the environment where the samples were collected.

As part of their synthesis, students prepared their findings
within short oral reports (Supplementary Data 1). On the final
workshop day, students completed their reports on their sample’s
MAGs and presented them to fellow workshop participants.

Educational impact evaluation

The educational evaluation process followed the validated Bic-
occa Sampling Day (BSD) model (Ghisleni et al. 2025), adapted to
metagenomics-related topics. Participants received information
about the study objectives, anonymized data collection proce-
dures, and data protection measures, in accordance with Euro-
pean data protection regulations (EU Regulation 2016/679, GDPR).
The full original survey is provided in Supplementary Data 2. All
statistical analyses were performed using R (version 4.5.1; script
available in Supplementary Data 3). Given the small sample size
(N = 14), both statistical significance tests and effect sizes were
reported to ensure a more robust interpretation of the results. Ap-
plied tests, significance and effect sizes are reported in all related
plots.

Skills for metagenomic inquiry

Participants’ perceived ability in conducting metagenomic anal-
yses was assessed by adapting the full 12-item Skills for Science
Inquiry retrospective customizable scale to the workshop con-
text (Phillips etal. 2017) (reported internal consistency Cronbach’s
« = 0.912). Following the recommended retrospective pretest-
posttest approach, participants completed both a retrospective
assessment of their pre-workshop skills and a current assess-
ment of their post-workshop skills. All items were measured on
a five-point Likert scale and scoring has been assessed accord-
ingly (Strongly Disagree = 1, Disagree = 2, Neutral = 3, Agree =
4, Strongly Agree =5).

Feeling of learning and doing metagenomic analysis
with KBase

Participants’ perceived self-efficacy in learning and performing
metagenomic analyses was assessed using the customizable Self-
Efficacy for Learning and Doing Science (SELDS) scale (reported
internal consistency Cronbach’s « = 0.92) (Porticella et al. 2017).
The scale includes two subscales: Feeling of Learning (FoL) and
Feeling of Doing (FoD), each consisting of four items. Both cur-
rent and retrospective versions were constructed following the au-
thors’ guidelines. All items were rated on a five-point Likert scale
(Strongly Disagree = 1, Disagree = 2, Neutral = 3, Agree = 4,
Strongly Agree = 5, with item 3 reverse-coded).

Understanding “metagenomic data analysis using
KBase”

Following the BSD model, key elements required to define
“metagenomic data analysis using KBase” were identified. A
total of 20 core concepts were used to develop a scoring
rubric.

A modified scoring system was applied (0 = missing, 1 = par-
tially present, 2 = complete), resulting in a total score ranging
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Table 1 Overview of workshop contents, along with analysis steps and goals.

Part Topic
February 2 at 4pm Milan (7am PT)—onboarding 60-75 min
1 Webinar—introduction to KBase

e What is KBase?
e Platform setup
e How to use data/apps

Goals/steps

e Set up student accounts
e Add students to Org (data access)

February 3 at 4pm Milan (7am PT)-90 mins of workshop (time to run tools and trouble shoot)

2 Webinar—metagenomics set-up
e Read quality control
e Process reads
e Read-based taxonomy
e Re-check processed reads
e Set up assembly run(s)

e Establish a standard for data quality; why
sequences need to be trimmed/filtered after
sequencing.

e Interpret read quality and review standards.
e Reasoning behind testing multiple assembly
tools.

February 16 at 9am-5pm P.zza della Scienza, 2-Milan U3-BIOS Building Room 2010

3 Workshop day 1
9:00-compare assemblies
9:45-set up binning tools
11:15-interpret taxonomy
12-13:00-lunch
13:00-interpret bin optimization results
13:45-assess bin quality
15:00-filter medium/high quality bins
16:00 set up functional annotation

e Understand and interpret relative quality of
assemblies.

o Understand the concept of binning and the
reasoning behind optimizing multiple tools.

e Compare read-based taxonomy to amplicon
data.

e Understand bin optimization results.

e Define bin quality and cut-offs.

o Define metagenome-assembled genomes.

February 18 at 9am-5pm P.zza della Scienza, 2-Milan U3-BIOS Building Room 2010

4 Workshop day 2

09:00-set up MAG taxonomy
09:30-interpret functional annotation
10:30-interpret taxonomy
11:15-build phylogenetic trees
12-13:00-lunch
13:00-synthesis
16:00-prepare presentations

e Review how to set up a scientific
presentation

o Present results

e Asking questions

e Interpret DRAM (functional annotation)
results.

e Understand estimation of taxonomic
classification of bins.

e Interpret overall results.

e Develop conclusions and insights with context
of data.

e Develop questions from results.

February 19 at 9am-12pm P.zza della Scienza, 2-Milan U3-BIOS Building Room 2010

5 Workshop day 3-'4 day
09:00-complete presentations, set-up
10:30-student Presentations

e Explain results and findings with contextual
information to peers.

from 0to 40. Participants were asked to describe the metagenomic
analysis workflow in their own words in their own words, and scor-
ing was assessed according to the presence of the preestablished
elements (Supplementary Data 4).

Descriptive qualitative feedback analysis

Open-ended participant comments collected at the end of the
workshop were examined using descriptive thematic categoriza-
tion. Responses were manually reviewed to identify recurring
themes related to perceived usefulness, accessibility of the plat-
form, confidence in metagenomic analysis, and overall workshop
satisfaction. Representative quotations were selected to illustrate
each theme.

Results

Participants demographics

The workshop was designed to host up to 20 participants, includ-
ing Bachelor’s, Master’s, and PhD students. A total of 24 students
from international institutions (Italy, Spain, and Hungary) initially
expressed interest; however, 4 were unable to attend the in-person
sessions and were excluded.

Fourteen participants completed the full workshop (online
and in-person): one Bachelor’s student, seven Master’s students,
and six PhD students. Among them, 28.6% reported no prior ex-
perience in bioinformatics, 50% reported basic experience (e.g.
coursework), 14.3% intermediate experience (independent analy-
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sis), and only one participant reported advanced experience (reg-
ular analysis). All participants had a background in biology or
biotechnology, and none had prior experience with KBase.

Participatory metagenomics increases
participants’ skills, feeling of learning and
doing, and understanding

The educational evaluation survey was administered to all work-
shop participants as the last workshop activity. The anonymous
scores of all participants are provided in Supplementary Data 4.

Workshop participation increases perceived skills
Participants’ perceived metagenomic skills were assessed using
current and retrospective versions of the Skills for metagenomic
inquiry scale. Current scores were significantly higher than retro-
spective scores (Wilcoxon signed-rank test, P = 0.00831, Strong
Wilcoxon effect size r = 0.714), indicating a substantial increase in
perceived skills following the workshop (Fig. 2). These results sug-
gest the workshop effectively enhanced participants’ confidence
to perform metagenomic analyses using KBase, including data ex-
ploration, MAG reconstruction, taxonomic and functional analysis,
and interpretation and communication of results.

Workshop participation increases the feeling of doing
more than learning

Self-efficacy for learning (FoL) and doing (FoD) metagenomics
analysis were evaluated separately as previous work on participa-
tory microbiome-related activities showed that students with sci-
entific backgrounds benefit more from these activities on the prac-
tical side, and less on their perceived capability of learning scien-
tific processes (Ghisleni et al. 2025). The increase in FoL showed
a non-significant trend (Paired t-test, P = 0.05392, medium effect
size Cohen’s d = 0.714), while FoD significantly increased after the
workshop, indicating a strong effect (Paired t-test, P = 0.004714,
medium effect size Cohen’s d = 0.91) (Fig. 3). These findings
suggest hands-on, structured workshop activities particularly en-
hance participants’ confidence in performing metagenomic tasks,
while improvements in perceived learning are present but less
pronounced.

Workshop participation impacts on conceptual
understanding

Participants’ understanding of “metagenomic data analysis using
KBase” was assessed through an open-ended question. Due to the
limited sample size, statistical comparisons between subgroups
were not performed; however, descriptive patterns were exam-
ined.

Understanding scores were interpreted in relation to partici-
pants’ initial familiarity with the topic and academic level (Fig. 4).
Notably, participants with relatively high understanding scores
(>10/40), have for the majority the lowest initial familiarity. This
group included Bachelor’s, Master’s,and PhD students, suggesting
that the workshop was effective in supporting conceptual under-
standing across different educational levels, particularly for par-
ticipants with no prior experience.
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Coherent structure of learning gains

Exploratory correlation analyses (Fig. 5) revealed a structured pat-
tern of associations among post-intervention measures, while re-
lationships between changes (delta scores) were more limited.
At the post-intervention level, all constructs were positively as-
sociated. In particular, FoD and FoL showed a strong correla-
tion (r = 0.88, P < 0.001), indicating that these dimensions are
closely aligned in participants’ perceived learning experience. Per-
ceived skills were moderately associated with both FoD (r = 0.59,
P =0.026) and FolL (r = 0.67, P = 0.008), suggesting that higher
perceived competence tends to co-occur with stronger percep-
tions of both learning and doing. In contrast, analyses based on
change scores (delta) provided weaker evidence for coordinated
improvements across constructs. Changes in perceived skills were
not significantly associated with changes in either FoD (r = 0.27,
P = 0.35) or FoL (r = 0.26, P = 0.37). However, a significant
positive association was observed between changes in FoD and
FoL (r = 0.65, P = 0.013), indicating that individuals who re-
ported greater increases in practical confidence also tended to
report greater increases in perceived learning. Additionally, post-
intervention skill levels were moderately associated with per-
ceived gains in skills (r = 0.54, P = 0.045), suggesting that partici-
pants who reported higher final competence also tended to per-
ceive larger improvements. Overall, these findings suggest that
while post-intervention perceptions of skills, learning, and doing
are coherently aligned, improvements across these domains may
not fully co-vary, with the strongest coupling observed between
the experiential dimensions of learning and doing.

Qualitative participant feedback supports
quantitative findings

Open-ended participant feedback consistently reflected positive
perceptions of the workshop experience and reinforced the quan-
titative evidence of educational benefit. Four recurrent themes
emerged from participants’ comments: increased confidence in
approaching metagenomic analysis, accessibility for beginners,
perceived practical utility, and appreciation of the instructional
support. Several participants described a substantial reduction in
anxiety toward metagenomic analysis and bioinformatics tools.
One participant reported being “completely lost” before the work-
shop but stated that participation made metagenomic analysis
“feel way less scary,” highlighting the workshop’s role in lowering
perceived entry barriers.

Accessibility was another recurring theme. Participants empha-
sized that the activities were clear and appropriately structured for
beginners, with one student noting that “even without any prior
knowledge in metagenome analysis | was able to understand all
the subjects treated during the course.” This qualitative evidence
aligns with the observed increases in perceived skills and self-
efficacy.

Participants also highlighted the practical relevance of the
workshop, reporting that the acquired knowledge and tools would
support future independent analyses. As one respondent stated,
the workshop provided “useful tools and knowledge that will al-
low me to perform data analysis in the future.” Finally, multiple
comments emphasized the supportive learning environment and
the value of direct interaction with instructors, suggesting that the
participatory and guided structure of the workshop contributed
substantially to the overall learning experience.
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Skills for metagenomic inquiry

14)

Metagenomic Skills Average Scores (N

retrospective
Scale version

Paired t-test
p-value=1.657e-08
Cohen's d=3.27 (large eff. size)

current

Currently/Prior to participating in
the Workshop. | have/had the
skills necessary to..

1.Inspect and decument basic properties
of metagenomic datasets within KBase
2.Accurately identify taxonomic and/or
functional features from metagenomic
data with KBase
3.Understand the KBase data analysis
framework
4.Successfully upload and import
metagenomic datasets within the KBase
platform
5.Process metagenomic dataina
standardized manner with KBase
6.Use the KBase tools to answer a
biological question
7.Interpret the meaning of metagenomic
data presented in KBase maps, charts,
graphs, etc
8.Conduct analyses using the Kbase
\Workshop data
9.Use the Kbase \Workshop data as a
source of evidence
10.Design a study related to the KBase
\Workshop data
11.Communicate the KBase Workshop
findings to others
12.Train others to participate in KBase
\Workshops

Figure 2 Skills for metagenomic inquiry. Retrospective and current individual average scores are shown as dots. Bigger dots represent the group mean,
and the statistical test and significance used are reported. On the right, the items comprising the scale of 1 (Strongly Disagree) to 5 (Strongly Agree) are

reported.

Workshop’s scientific outputs

Six student groups went through the metagenomic analysis
workflow using six datasets representing two replicates from
the three BSD events (Ghisleni et al. 2026) (Table 2). While stu-
dents performed their analysis, the data were co-assembled
by combining the replicates within each BSD event (BSD1,
BSD2, BSD4) to compare and improve MAG identification
(https://kbase.us/n/245595/176/). Medium Quality (MQ) bins
were filtered at >50% completeness and <10% contamination,
with bins >90% completeness and <5% contamination consid-
ered as High Quality (HQ) (Bowers et al. 2017). Three individual
samples yielded four distinct MAGs representing three bacterial
classes. The co-assemblies yielded eight distinct MAGs repre-
senting six classes (one archaeal, five bacterial). On average,
completion and contamination rates were 73.40% and 3.44%,
respectively, with an average GC content of 60.13%. Each MAG
had an average of 513 contigs and an average total length of 3.9
million base pairs.

Most of the predicted MAGs have many operons identified to
have a range of low or no similarity to known secondary metabo-
lites. There are 3 MAGs with 28-34 identified secondary metabo-
lites. Notably, from the DRAM outputs, 5 MAGs from BSD1 samples
contain arsenate reductase pt 1 (Xanthomonadaceae, Acidiimi-
crobia, Microcoleus sp. Pseudoxanthomonas, Xanthomonas pruni-
cola). Microcoleus sp. MAG also contains both Photosystem sub-

units. From BSD4, Pyrinomonadaceae contains all three subunits
of acetate to methane metabolism.

Discussion

This study evaluated the educational impact of a hands-on,
research-based metagenomics workshop and explored how dif-
ferent dimensions of learning (perceived skills, FoL, and FoD) de-
velop and relate to each other in an authentic data-driven context.
Our findings indicate that participatory metagenomics activities
can effectively enhance students’ perceived skills and self-efficacy,
while also revealing a structured but not fully synchronous pattern
of learning gains across dimensions.

Engaging with a complete, end-to-end metagenomic workflow,
from raw data processing to interpretation, supported the de-
velopment of perceived operational competence, as reflected by
the significant increase in perceived metagenomic skills following
the workshop, with a strong effect size. Unlike simplified class-
room activities, the use of real datasets and authentic analytical
steps likely contributed to this outcome by exposing participants
to the complexity and structure of actual research practices. In
this sense, the workshop aligns with the principles of authentic re-
search experiences, in which engagement with real scientific prob-
lems supports meaningful learning (Weng et al. 2022). An addi-
tional strength of the workshop was the possibility of engaging
students with datasets derived from samples some of them had
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Cohen's d=0.714 (medium eff. size)

retrospective current
Scale version

These statements are about how you currently feel /felt

FEMS Microbiology Letters, 2026, Volume 373

Self-Efficacy for doing metagenomic analysis
with KBase

=14)

Feeling of Doing Average Scores (N
@

Paired t-test
p-value=0.004714
Cohen's d=0.91 (strong eff. size)

retrospective current
Scale version

These statements are about how you currently feel /felt

prior to participating in the workshop about learning and  prior to participating in the workshop about about doing

understanding science topics

1.1 think | am/was pretty good at understanding topics related to
metagenomic data analysis with KBase.

2.Compared to other people my age, | think | can/was able to quickly
understand new topics related to metagenomic analysis.

3.1t takes/took me a long time to understand new topics about
metagenomic data analysis.

4.1 feel/felt confident in my ability to explain metagenomic analysis
related topics to others.

scientific activities

1.1 think | am/was pretty good at following instructions for
metagenomic data analysis using KBase

2.Compared to other people my age, | think | can/was able to perform
metagenomic analysis using KBase pretty well

3.1t takes/took me a long time to understand how to perform
metagenomic analysis using KBase.

4.1 feel/felt confident about my ability to explain how to perform
metagenomic analysis using KBase to others

Figure 3 Self-efficacy for learning and doing metagenomic analysis with KBase. Retrospective and current individual average scores are shown as dots.
Coloured dots represent the group mean and the statistical test and significance used are reported. Below each plot, the items comprising the respective
scale of 1 (Strongly Disagree) to 5 (Strongly Agree) are reported. For item 3, the scale is reversed.

previously collected during the Bicocca Sampling Days initiative.
This continuity between sample collection, data analysis, and in-
terpretation may have reinforced participants’ sense of ownership
and engagement with the scientific process, supporting the devel-
opment of a more authentic research experience. Previous work
in citizen science and research-based education suggests that in-
volving participants across multiple stages of scientificinquiry can
strengthen both learning and identification with scientific prac-
tices (Bonney et al. 2009, 2016).

Students were able to understand the impacts of sequenc-
ing depth on completeness of assembling MAGs from soil sam-
ples. Through using KBase, students explored the potential func-
tion of their identified MAGs for both completeness and pres-
ence. For example, one student group identified a highly com-
plete Microcoleus MAG containing genes associated with Photo-
systems | and Il, suggesting a potential photosynthetic lifestyle,
while other groups detected functions related to carbon and en-
ergy metabolism, including alcohol dehydrogenases, acetate ki-
nases, and acetyl-CoA synthetases. These observations encour-
aged students to move beyond workflow execution and engage

in biological interpretation of metagenomic results. In addition,
one surprising but interesting finding was identifying an arsen-
ate reductase subunit across several MAGs. Students were able
to contextualize this finding and connect the potential presence
of metabolizing arsenic with soil samples collected from a previ-
ously industrialized location in the Bicocca District of Milan. No-
tably, the co-occurrence of both arsC (grx) and arsC (trx) variants,
two convergently evolved, biochemically distinct arsenate reduc-
tase families, within MAGs from the same sample (e.g. BSD1_189A)
suggested a redundant detoxification strategy consistent with sus-
tained arsenic selective pressure, a pattern previously associated
with industrially impacted soils (Ben Fekih et al. 2018, Dunivin et
al. 2019, Rueangmongkolrat et al. 2024). These observations sug-
gest that the workshop supported not only technical skill develop-
ment but also the ability to contextualize and critically interpret
metagenomic data.

Despite the small sample size (complemented with effect size
estimation and graphical data visualization to strengthen the ro-
bustness of the analysis), the educational evaluation showed a
differentiated pattern when considering self-efficacy dimensions.
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Understanding “metagenomic data analysis usit

=14)
5

30

20

Understanding “metagenomic data analysis using KBase” Average Score (N

1 2 3
Initial familiarity with metagenomics level

ng KBase

Please describe in your own words what
‘metagenomic data analysis using KBase" means
and what steps it involves.

Evaluated elements:

1.Mentions KBase as an integrated platform for bioinformatics
analysis
2.Describes metagenomics as analysis of microbial
communities from DNA
3.Recognizes that analysis involves multiple sequential
steps/tools
4.Mentions QC of sequencing reads
5.Describes removing low-quality sequences
6.Explains why QC is important (accuracy, reliability)
7.Mentions taxonomic classification directly from reads
8.Describes assembling reads into contigs
9.Mentions using/comparing multiple assembly tools
10.Describes grouping contigs into bins/genomes
11.Mentions use of multiple tools or optimization of bins
12.Mentions completeness/contamination or quality metrics
13.Recognizes bins as metagenome-assembled genomes
(MAGSs)
14.Mentions gene/function analysis
15.Describes taxonomic classification of bins/genomes
16.Mentions building/interpreting phylogenetic trees
17.Integrates taxonomy and function to interpret results
18.Mentions ecological/biological conclusions
19.Draws conclusions from the analysis
20.Mentions presenting or explaining results

Figure 4 Understanding of “metagenomic data analysis using KBase”. Individual average scores are shown by initial levels of metagenomic analysis

familiarity. On the right, the elements used for scoring are reported.

While both FoL and FoD increased, only FoD showed a statistically
significantimprovement, accompanied by a strong effect size. This
suggests that hands-on engagement primarily strengthens par-
ticipants’ confidence in their ability to perform tasks, while per-
ceived learning may require longer or repeated exposure to con-
solidate. One possible interpretation is that practical activity pro-
vides an immediate and tangible sense of competence (“I can
do this”) (Uzorka et al. 2024). Conversely, the perception of con-
ceptual understanding may develop more gradually and be influ-
enced by cumulative exposure to biological concepts across uni-
versity training, potentially attenuating the observable short-term
impact of the workshop on FoL. This distinction is particularly rel-
evant in computational biology contexts, where initial barriers,
such as unfamiliar tools or perceived technical difficulty, can be re-
duced through guided practice opposed to conceptual instruction
alone.

The analysis of conceptual understanding further supports the
effectiveness of the workshop, particularly for participants with
limited prior experience. Descriptive patterns indicate that stu-
dents with the lowest initial familiarity were able to achieve rela-
tively higher understanding scores, regardless of academic level.
This suggests that the workshop design, combining structured
guidance, collaborative work, and accessible computational tools,
may function as an equalizing mechanism, enabling participants
with diverse backgrounds to engage meaningfully with complex
topics.

Exploratory correlation analyses, that do not imply causal rela-
tionships between variables, provide preliminary insight into the
structure of learning processes. At the post-intervention level, all
constructs were positively associated, with a particularly strong
relationship between FoD and FoL. This finding indicates that par-
ticipants who feel more confident in performing metagenomic
tasks also tend to perceive themselves as learning more effec-
tively, suggesting that these experiential dimensions are closely
aligned within the learning experience. Perceived skills showed
moderate associations with both FoD and Fol, indicating that
competence, learning, and doing are interconnected, though not
interchangeable constructs.

In contrast, analyses based on change scores (delta) revealed
a more nuanced pattern. Improvements in perceived skills were
not significantly associated with changes in either FoD or FoL,
suggesting that gains in these dimensions do not necessarily co-
occur at the individual level. However, a significant positive as-
sociation was observed between changes in FoD and Fol, indi-
cating that increases in practical confidence tend to be accompa-
nied by increases in perceived learning. Together, these findings
suggest that while post-intervention perceptions form a coher-
ent system, the processes underlying improvement may be par-
tially decoupled. In particular, experiential engagement (doing)
may represent a central mechanism linking learning and confi-
dence, whereas perceived skill development may follow a more
complex trajectory.
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Figure 5 Correlation matrix of current scores and change (delta) measures. Pairwise relationships between variables are shown using scatterplots (lower
panel), Pearson correlation coefficients (upper panel), and variable distributions (diagonal). Correlation coefficients with absolute values greater than
0.6 are highlighted in green. Current variables include perceived metagenomic skills, FoL, andFoD. Delta variables represent the change between post-

and retrospective scores for each dimension.

The observed positive association between post-intervention
skill levels and perceived gains in skills further supports this inter-
pretation. Participants who reported higher final competence also
reported larger improvements, suggesting a relationship between
outcome level and perceived progress. This may reflect increased
metacognitive awareness, whereby individuals with greater com-
petence are better able to recognize and evaluate their own devel-
opment (Tuononen et al. 2023).

Qualitative feedback further supports the role of KBase in low-
ering perceived barriers to participation in computational biol-
ogy and reinforces the quantitative findings. Recurring themes in-
cluded increased confidence in approaching metagenomic analy-
sis, perceived accessibility of the tools, and the practical relevance
of the acquired skills. Several participants explicitly reported a re-
duction in initial anxiety and uncertainty, highlighting the role of
the workshop in lowering perceived barriers to entry. These obser-

vations are consistent with the quantitative increase in FoD and
support the interpretation that hands-on, guided experiences are
particularly effective in fostering confidence in computationally
intensive domains.

Some limitations should be considered. The use of self-
reported measures might introduce the possibility of response
bias, particularly in retrospective assessments. Previous studies
have shown that students are generally able to accurately iden-
tify their own learning through retrospective self-assessment ap-
proaches, and that these methods may better exclude perceived
changes in topics that were not actually taught (Bhanji et al.
2012). Therefore, while subjective by nature, the adopted mea-
sures remain appropriate for capturing participants’ perceived ed-
ucational outcomes and self-efficacy changes. Nevertheless, this
approach is widely adopted in citizen science and educational re-
search contexts, where perceived skills and self-efficacy represent
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Table 2 Medium and high (in bold) quality MAGs from assembled and co-assembled samples.

MAG Taxonomy Contigs Comp. % Cont. % DRAM functional annotation
619 50.82 5.63 arsenate reductase (pt 1); respiratory
BSD1_189A_004 Xanthomonadaceae nitrite reductase
(f)
Microcoleus sp. 363 98.03 0.44 arsenate reductase (pt 1);
BSD1_189B_002 Photosystem | and Il; alcohol
dehydrogenase
509 87.21 2.44 acetate kinase; alcohol
BSD1_189B_003 Xanthomonadaceae dehydrogenase
(f)
BSD1_189A- Acidimicrobiales 683 59.79 5.56 arsenate reductase (pt 1)
B_002
BSD1_189A- 439 64.52 2.48 acetyl-CoA synthetase
B_003 Xanthomonadaceae
BSD1_189A- Microcoleus sp. 668 95.37 4.49 High affinity IV ETC complexes;
B_005 Photosystem | and Il; arsenate
reductase (pt 1)
BSD1_189A- 243 95.94 6.82 arsenate reductase (pt 1); acetyl-CoA
B_006 Pseudoxanthomonas synthetase
BSD1_189A- Microlunatus sp. 680 57.09 2.33 nitrite oxoreductase
B_007
BSD1_189A- Xanthomonas 308 67.18 2.29 arsenate reductase (pt 1)
B_009 prunicola
621 91.31 2.61 arsenate reductase (pt 1); acetate to
BSD4_211C_002 Pyrinomonadaceae methane (pts 1,2,3)
BSD4_211B- 717 91.45 1.76 arsenate reductase (pt 1); acetate to
C_001 Pyrinomonadaceae methane (pts 1,2,3)
BSD4_211B- 366 55.86 1777 respiratory nitrite reductase
C_003 Nitrososphaeraceae

key outcomes of interest, particularly in the light of building confi-
dence. Importantly, all scales used in this study are previously vali-
dated instruments, supporting the reliability and comparability of
the measurements.

The design of the workshop likely contributed to the observed
outcomes. The use of real-world data, combined with a struc-
tured yet flexible workflow, provided an authentic research con-
text while maintaining accessibility. The adoption of a GUI plat-
form reduced technical barriers associated with programming
(Huang et al. 2025), allowing participants to focus on conceptual
understanding and analytical reasoning. Additionally, collabora-
tive group work and continuous instructor support may have con-
tributed to a supportive learning environment, facilitating both
engagement and persistence.

These findings are consistent with previous research on CUREs,
which highlights the benefits of authentic, active learning in pro-
moting self-efficacy and engagement (Goller and Ott 2020, Parks
et al. 2020). However, this study extends existing literature by ex-
amining not only the magnitude of learning gains but also the re-
lationships between different dimensions of learning. The com-
bined use of retrospective pre-post measures and exploratory
correlation analyses provides a more nuanced understanding of
how skills, learning, and doing co-evolve in interdisciplinary, data-
driven contexts.

The study provides relevant implications for both educational
practice and research. First, it supports the use of metagenomics
as an effective platform for integrating research and education,
particularly when combined with accessible computational tools.
Second, it highlights the importance of hands-on, experiential
learning in fostering confidence and engagement, especially in
computational disciplines. Third, it suggests that evaluating ed-
ucational interventions through multiple dimensions, including
their interrelationships, can provide deeper insight into learning
processes than single-outcome measures.

Future research should further investigate the temporal dynam-
ics of learning gains, the role of prior experience, and the extent
to which perceived improvements align with objective skill devel-
opment. Exploring different instructional designs and comparing
workshop-based approaches with other educational models may
further clarify how to optimize strategies for teaching complex, in-
terdisciplinary topics.

In conclusion, this study demonstrates that participatory,
research-based metagenomics workshops can effectively en-
hance perceived skills, confidence, and understanding, while re-
vealing a structured yet complex pattern of learning development.
These findings underscore the value of authentic, data-driven ed-
ucational experiences in preparing students to engage with the
challenges of modern computational biology.
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