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Al-Driven Workforce Training through Industry Partnerships
Using Educational Biodigital Twins (BDT) and
Programmable Cloud Laboratories (PCL)

Abstract

The rapid adoption of artificial intelligence (Al) and generative Al (genAl) in biomedical and
bioengineering industries is reshaping workforce expectations and exposing persistent gaps
between academic preparation and industry practice. Effective Al training depends strongly on
data context, including how data is generated, curated, validated, and used within operational
workflows, rather than on algorithmic techniques alone. These contextual factors directly
influence model generalization, which remains a central challenge for responsible Al
deployment, particularly when models are applied beyond narrowly defined training conditions.
In biomedical engineering, this challenge is further compounded by the use of patient-derived
and clinical data, where data provenance, regulatory oversight, ethical constraints, and limited
accessibility fundamentally shape AI development and evaluation. As a result, traditional
academic training environments often struggle to provide students with exposure to the data
practices and workflow constraints that govern real-world Al performance. This study examines
industry perspectives on the potential role of educational biodigital twins (BDT) and
programmable cloud laboratories (PCL) as scalable infrastructures for AI workforce preparation.
The results indicate that industry views BDT and PCL as promising when they preserve
workflow structure and decision constraints through the use of synthetic or constrained data,
while avoiding direct exposure to sensitive datasets. However, scalability is limited by data
governance requirements and internal resource constraints. These findings inform
academic—industry collaboration models that emphasize context-aware training environments
and support the design of partnerships aligned with industry realities.
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Figure 1. Conceptual framework illustrating a continuous feedback loop between academia
and the biomedical and bioengineering industry to support Al-ready workforce
preparation. Industry practice defines workforce demands, operational constraints, and data
context, which are characterized through industry surveys and inform identification of skill gaps.
These insights guide curriculum design and workforce-aligned training implemented through
educational biodigital twins (BDT) and programmable cloud laboratories (PCL). BDT and PCL
mediate between operational industry data and educational use by enabling model calibration,
constraint definition, and generation of synthetic or derived data, providing students with
realistic exposure to data-driven, automated, and regulated workflows. Ongoing industry
feedback is then used to iteratively refine academic curricula, closing the loop between education
and evolving industry practice.

Introduction

Rapid adoption of artificial intelligence (AI) and generative artificial intelligence (genAl) across
the biomedical and bioengineering industry is reshaping workforce expectations, motivating
increased attention to industry partnerships that can inform educational approaches for preparing
future bioengineers [1], [2], [3]. Recent workforce and education studies indicate that employers
increasingly prioritize applied data skills, computational literacy, and the ability to operate within
established workflows over narrow technical specialization [4], [5]. For undergraduate and
master’s engineering programs geared towards preparing students to work in the biomedical
industry, it is imperative that the curricular experiences and training address and align with
modern industry computational tools. However, the integration of Al and genAl introduces
challenges that differ from prior computational tool transitions, as Al performance and reliability
depend strongly on data provenance, representativeness, and context of use [6], [7]. In
biomedical engineering, these factors are closely tied to regulated datasets, ethical constraints,
and physical laboratory workflows, limiting the scalability of authentic Al training across large
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student populations and contributing to persistent gaps between academic instruction and
industry practice.

Digital twins (DT), and their biological extension as biodigital twins (BDT), together with
programmable cloud laboratories (PCLs), have emerged as potential educational infrastructures
capable of supporting realistic, workflow-oriented Al training at scale [7], [8], [9], [10]. In this
role, biodigital twins and PCLs function as mediating infrastructures through which industry data
context is translated into model calibration and constraint definitions, enabling the use of
synthetic or derived data for educational purposes. However, their effectiveness for workforce
preparation depends critically on alignment with industry needs, constraints, and expectations.
This study therefore examines industry perspectives on Al readiness, workforce gaps, and the
perceived role of biodigital twins and programmable cloud laboratories in biomedical
engineering education (Figure 1).

Background

In accordance with the need to incorporate industry-related experiences into the bioengineering
curriculum across many programs [11], informed usage of modern computational tools in
industry into educational context is desirable [12]. To continue to understand the need for
industry-desired skills of future employees [13], [14], we first need to collect industry feedback
on the new computational tools, which this study will address. As educational theoretical
frameworks (e.g. STL) established the importance of “context” in developing workforce
readiness with realistic industry-used tools, educational biodigital twins have the potential to
provide industry-used data and workflow directly in an educational environment. This will better
prepare engineering graduates to be ready to engage in industry workflow processes and address
the need for frequent stakeholder feedback in an environment of rapid technology advances [15].

Situated Learning Theory (STL)

Situated learning theory provides a framework for understanding why learning in engineering is
closely tied to the technical context, tools, and workflows in which knowledge is applied rather
than acquired as decontextualized skills. From this perspective, knowledge develops through
interaction with authentic tasks, representations, and technological systems, and is shaped by the
constraints and affordances of the environments in which it is used [16]. Engineering education
research has applied this framework to show that competencies emerge through engagement with
realistic problem structures, data representations, and operational tools, and that instruction
grounded in authentic technical contexts is associated with improved transfer to professional
practice [17], [18]. In practice, the application of situated learning involves immersion in
real-world engineering environments through apprenticeships and internships, which is
particularly critical in generative Al settings where understanding data provenance, structure,
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and constraints directly shapes system behavior. However, such experiences are inherently
difficult to scale across programs and cohorts.

Educational Biodigital Twins

Digital twins are persistent virtual representations of physical systems that remain linked to
real-world data streams, enabling prediction, monitoring, and decision-making across system
lifecycles [8], [19]. Biodigital twins extend the digital twin paradigm by integrating mechanistic
and data-driven models across molecular, cellular, tissue, and organ scales [9], [20], [21], [22].
Prior studies have described biodigital twins as enabling infrastructures for precision medicine,
personalized decision support, and systems-level biomedical research, particularly when coupled
with Al-based modeling approaches [23], [24], [25]. In educational settings, biodigital twins
refer to digital twin infrastructures applied to biological or biomedical systems, where
computational models are grounded in real or realistically structured biological, experimental, or
clinical data and organized around engineering workflows.

Educational digital twins have been adopted across multiple instructional contexts to support
authentic, data-driven learning aligned with professional practice [26]. In electronics and
microprocessor education, digital twin environments enable students to interact with embodied
sensors and collaborative virtual laboratories that support circuit design, debugging, and
system-level reasoning [27], [28]. In nuclear engineering education, digital twins provide a safe
instructional setting for exploring complex and high-risk systems while preserving core
operational and analytical workflows [29]. In bioprocess engineering, digital twin models are
used to teach process monitoring, control strategy development, and decision-making under
industrial constraints [30]. An educational biodigital twin has also been demonstrated in the
context of biomanufacturing through the BioDT framework, which integrates biological process
models, data streams, and virtual representations to support learning and analysis in intelligent
biomanufacturing systems [31]. Immersive and multimodal digital twin learning environments
have been explored in engineering education contexts [32] as well as in non-engineering tactical
training settings, illustrating the broader pedagogical potential of such systems [33].

In biomedical engineering education, biodigital twins have been examined as instructional
environments that support learner engagement with evolving system representations reflecting
constraints such as data provenance, uncertainty, validation, and regulatory considerations [34].
Rather than emphasizing visualization alone, these environments enable participation in iterative
modeling, evaluation, and documentation aligned with disciplinary practice. However, adoption
in industrial settings remains constrained by data sensitivity, regulatory requirements, intellectual
property concerns, and validation challenges [25], [35], which in turn shape how biodigital
twins can be adapted for educational use when the goal is to reflect operational practice rather
than simplified instructional abstractions.
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Programmable Cloud Laboratories

Educational digital and biodigital twins require grounding in physical experimentation to support
meaningful learning, particularly in biomedical and bioengineering education where
experimental validation is central to disciplinary practice. Cloud-based biology experimentation
platforms designed for education demonstrate how students can engage with real biological
systems through remote interaction, enabling inquiry-driven learning that connects
computational models to physical outcomes [36], [37]. Educational laboratory digital twins that
integrate real experimental workflows with computational representations further illustrate how
students can experience authentic system behavior rather than purely simulated environments
[38].

Programmable Cloud Laboratories support engineering education by enabling students to design,
execute, and observe real experiments through software-mediated laboratory systems, removing
constraints related to physical lab capacity, safety, and location [39] [40]. Robotic cloud
laboratories used in instructional contexts demonstrate how students can engage with state-of-art
experimental workflows remotely while retaining hands-on learning characteristics [41], [42].
Open-source programmable laboratory platforms further expand educational access to automated
experimentation, allowing students to interact with contemporary bioengineering tools and
practices early in their training [43].

In biomedical engineering education, remote and cloud-enabled laboratories have been shown to
support cognitive, behavioral, and affective learning outcomes by enabling guided interaction
with real experimental systems [44], [45]. Cloud-enabled live-cell biotechnology platforms
further demonstrate how remote experimentation can reduce educational inequities by expanding
access to authentic laboratory experiences for diverse student populations [46]. Importantly,
programmable cloud laboratories complement educational biodigital twins by closing the loop
between in silico models and physical experimentation, enabling student-generated experimental
data to inform model validation and iterative refinement in ways that mirror modern
bioengineering practice [47], [48].

Scaling Situated Learning via Educational Biodigital Twins and Programmable Cloud
Laboratories

Educational biodigital twins and programmable cloud laboratories have increasingly been framed
as scalable situated learning environments that embed learners within authentic representations
of physical—digital systems while preserving system behavior, data relationships, and operational
constraints characteristic of professional engineering practice [49], [50]. Foundational work on
situated learning emphasizes that learning is most effective when knowledge is acquired through
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participation in meaningful, context-rich activities rather than through abstract or
decontextualized instruction [51]. From this perspective, educational digital twins can be
interpreted not as visual simulations, but as environments that situate learners within realistic
systems, workflows, and problem spaces that reflect professional practice. When coupled with
biodigital twins and programmable cloud laboratories, these environments have the potential to
support industry-aligned learning experiences that contribute to workforce development by
enabling scalable exposure to authentic data, tools, and constraints [26].

Recent scholarship further connects digital twin—based instructional approaches to situated and
practice-based learning in engineering education. Large-scale reviews of digital twin—enabled
education emphasize that instructional value arises when task structure, system
interdependencies, and operational constraints are preserved, rather than simplified for
instructional convenience [52]. Related work in open and distance learning [53], industrial
robotics training [54], Internet of Things (IoT) education using digital twins [55], and
educational robotic agents [56] similarly points to learning environments consistent with
situated learning principles, in which knowledge acquisition is strengthened through engagement
with realistic system contexts that preserve workflow structure and data relationships.
Accordingly, Al and generative Al training, particularly in biomedical engineering, must be
grounded in context-aware data that reflect the provenance, regulatory constraints, and decision
structures of real biomedical systems, since model generalization, safety, and professional
competence depend critically on how domain-specific context is encoded rather than on
algorithmic sophistication alone [7], [57].

Use Case

In a bioengineering programming course [blinded], we implemented an educational biodigital
twin use case that mirrors a real organoid culture imaging pipeline, emphasizing workflow
context over isolated coding skills. Students were first given access to a shared organoid image
set captured under intentionally varied illumination and exposure settings, then asked to select
the images they planned to process. This learner-driven selection step surfaced an
industry-relevant reality: some organoids are inherently easier to segment because acquisition
conditions create cleaner foreground—background separation, while others become ambiguous
when lighting introduces shadows, saturation, or low signal. Students then executed a structured,
end-to-end analysis workflow that linked acquisition quality to downstream outcomes, moving
from inspection and preprocessing decisions to Al-assisted segmentation and quantitative feature
extraction to interpret growth and morphology patterns. By comparing processing steps and
outputs across their chosen images, students discovered that segmentation performance and
biological interpretability were constrained less by the sophistication of the code and more by
upstream data context, specifically contrast and acquisition consistency. This experience
positioned Al as a context-dependent tool within an operational pipeline, helping students
internalize when Al-enabled analysis is reliable, when it fails, and why workflow-aware
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decisions (such as choosing higher-contrast images or standardizing lighting) are prerequisite to
meaningful organoid phenotyping.

Motivation

Although many educational digital twin initiatives have been developed, a substantial proportion
remain disconnected from industry data, workflows, and decision-making contexts [3], [58]. As
Al adoption in biomedical and bioengineering continues to accelerate, data context matters.
Without industry partnership, educational implementations risk misalignment with workforce
realities, particularly in domains governed by regulation, data governance, and ethical
constraints. This study is motivated by the need to understand from industry how to collaborate
with academic institutions and inform the design and use of biodigital twins and programmable
cloud laboratories for workforce-oriented biomedical engineering education.

Methods
Data Collection Instrument and Analysis

Data were collected using a structured online survey administered via Google Forms to capture
industry practices and perspectives related to artificial intelligence (AI) and generative Al
(genAl) training and collaboration opportunities, and views on educational mechanisms such as
biodigital twins and programmable cloud laboratories. The survey included multiple-choice,
Likert-scale, and open-ended questions and was distributed to professionals working in
bioengineering or closely related sectors that employ bioengineering graduates. Quantitative
responses were analyzed to identify dominant trends, while qualitative responses were listed in
table 1. Findings were interpreted through a continuous improvement lens to inform curriculum
alignment and workforce-relevant training interventions. The analysis is industry-informed,
designed to characterize trends and relationships in industry practices that are relevant for
evidence-informed curriculum development.

Survey Design

The survey was designed in two stages to capture both current industry practices and potential
pathways for addressing identified gaps. The first stage focused best industry collaboration
practices and partnerships for Al and generative Al workforce training. The second stage focused
on understanding how academic—industry collaboration could help bridge observed gaps, with
questions probing collaboration mechanisms, workforce training approaches, and perceptions of
educational tools. To support consistent interpretation of emerging concepts, the survey
introduced biodigital twins and programmable cloud laboratories using a brief definition, a
summary description, and an explanatory figure illustrating bioengineering examples. This
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approach ensured that responses reflected informed perspectives rather than assumed familiarity.
Overall, the survey avoided prescriptive or hypothetical prompts and instead emphasized
capturing existing industry behaviors, practices, and constraints related to Al, generative Al,
biodigital twins, and programmable cloud laboratories.

Ethical Approval

This study reports findings from educational assessment and stakeholder feedback activities
designed to guide instructional improvement. Participants, including students, faculty, and
industry partners, provided informed consent under a protocol approved by the [ institution name
] Institutional Review Board (IRB 813454). The study was deemed exempt under 45 CFR
46.104(d)(2)(iii) following review by the [ institution name ] IRB, with a limited review
conducted under 46.111(a)(7).

Participants

The dataset comprises responses from 25 organizations operating in biotechnology or closely
adjacent sectors, with all participants confirming active employment of bioengineering graduates
(Figure 2). Organizations ranged from startups (1-50 employees) to medium and large
enterprises (50+ employees), including five leading international companies, four of which
report annual revenues exceeding USD 1 billion. Respondents represented diverse professional
roles spanning executive leadership, research and engineering, product development and
management, software and systems engineering, and data science or Al specialization, enabling
triangulation of workforce perspectives across organizational and functional levels. The
organizations operate across multiple bioengineering domains, including medical devices,
diagnostics, pharmaceutical and drug development, biomanufacturing, and digital health.
Participants were recruited through institutional collaborators, professional networking outreach,
industry-facing venues, including the Biomedical Engineering Society (BMES) annual meeting
industry exhibition and outreach to companies participating in bioengineering career fairs.
Collectively, this participant pool provides industry-informed input suitable for continuous
improvement processes, supplying external stakeholder perspectives that inform curriculum
alignment, workforce relevance, and iterative refinement of educational interventions.



Do you work in biotechnology or a directly

adjacent sector that hires bioengineers? Distribution of Bioengineering

Industry Survey Participants

13
25
254 12 )
12 4 / Including four large
" " biomedical
8 201 & 101 engineering industry
2 3 partners, each
a , " S
& 154 E 8 exceeding $1 billion
s 5 USD in annual
% 10 g revenue.
E E 4
4 =z
5 24
0 . (') 0 Start Medium-L.
artup ledium-Large
e No (1-50) (50+)

Response Organization Size

Company Focus Areas in Bioengineering
Industry Survey

Medical
Devices

Diagnostics

Drug Development
or Pharma

Biomanufacturing I:I 3
Digital 1
Health

0 2 4 6
Number of Responses

Focus Area

Figure 2. Biomedical and bioengineering industry survey participants. The survey includes
respondent confirmation of employment in biotechnology or closely adjacent sectors that hire
bioengineers (top left), organization size categorized as startup (1-50 employees) and medium to
large organizations (50+ employees) (top right), and primary company focus areas within
bioengineering (bottom).

Results and discussion

How can bioengineering departments collaborate with industry to help close the AI and genAl
gap in biomedical engineering education?

To examine how bioengineering departments can collaborate with industry to help close gaps in
Al and genAl preparation, Figure 3 summarizes industry perspectives on academic—industry
collaboration mechanisms. The results indicate that most organizations are open to collaboration,
although interest is commonly conditional on available resources and organizational capacity.
Among the collaboration models considered, student internships and co-op programs were most
frequently identified as beneficial, followed by joint Al research projects, while guest lectures,
workshops, and access to university computing or simulation resources were viewed as less
impactful. Overall, these findings suggest that industry places greater value on sustained, applied



forms of engagement that integrate students into authentic workflows, rather than short-term or
infrastructure-focused collaborations, when supporting Al and genAl workforce preparation.
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Figure 3. Academic—industry collaboration for AI and genAl training with industry data
from Industry perspectives. The top-left panel shows organizational interest in collaborating
with academic programs to co-develop Al-related training modules or internships. The top-right
panel reports which forms of academic collaboration are perceived as most beneficial.

How does industry perceive the use of biodigital twins (BDT) for workforce preparation?

To understand industry perceptions of biodigital twins (BDT) as an emerging educational and
workforce development tool, we examined respondent familiarity, perceived feasibility for
student training, anticipated application areas, data-sharing considerations, and perceived impact
on workforce readiness (Figure 4). Results indicate that familiarity with biodigital twins is
limited, with a substantial proportion of respondents reporting no familiarity or only conceptual
awareness without active use. Most expressed uncertainty rather than opposition when asked
about feasibility for student training. This pattern suggests that limited familiarity, rather than
resistance, underlies hesitation toward adoption. Among respondents who had explored or
considered biodigital twins, reported applications clustered around high-impact biomedical
engineering workflows, including device design and prototyping, drug interaction testing, and
personalized medicine. However, a large fraction remained unsure about applications,
reinforcing the interpretation that the technology is still emerging in practice. Data-sharing
responses further contextualize these findings: respondents were most willing to consider
synthetic and preclinical datasets, while sharing of patient-derived or field data was limited or
uncertain. Interest in sharing anonymized data for educational biodigital twin development was
similarly cautious, with most respondents indicating uncertainty rather than clear willingness or
refusal, reflecting regulatory, ethical, and infrastructural constraints rather than lack of perceived
value. Importantly, despite uncertainty around familiarity, feasibility, and data sharing,
respondents expressed generally positive views regarding the potential of educational biodigital
twins to improve workforce readiness. A majority agreed or strongly agreed that such tools could



enhance student preparation, indicating recognition of their pedagogical value even in the
absence of widespread industrial deployment.

These findings suggest that biodigital twins occupy a transitional space between emerging
technology and educational opportunity. An important practical implication of these findings is
that data sharing remains a major barrier for Al-driven organizations, even when nondisclosure
agreements are in place, due to concerns about competitive risk and proprietary advantage.
Consequently, broad access to industrial datasets is unlikely. More viable academic—industry
collaborations may instead center on educational biodigital twins built using synthetic or
non-sensitive data, or on targeted partnerships in which academic teams derive insights from
narrowly scoped dataset subsets, enabling meaningful workforce preparation while minimizing
data exposure.
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Figure 4. Industry perspectives on awareness, feasibility, applications, data considerations,
and educational value of biodigital twins (BDT). Panels report respondent familiarity with
biodigital twins, perceived feasibility for student training, applications explored or planned, types
of data potentially shared for biodigital twin development, interest in sharing anonymized data
for educational purposes, and perceived value of educational biodigital twins for improving
workforce readiness. Bars and pie segments indicate the number and proportion of respondents
selecting each option.

How does industry perceive the value of programmable cloud laboratory (PCL) training for
improving workforce readiness?

To examine industry perceptions of programmable cloud laboratories as a workforce
development tool, we analyzed responses related to educational value, expected workforce
impact, preferred training approaches, and conditions for early adoption (Figure 5). Results
indicate generally positive perceptions of PCL-based training, with a majority of respondents
agreeing or strongly agreeing that such training would improve workforce readiness by providing
students with realistic expectations around experimental constraints, documentation practices,
and project timelines. Consistent with this view, most respondents agreed that graduates trained
in a PCL environment would strengthen workforce readiness faster than typical new hires. This
finding aligns with earlier results emphasizing productivity, automation, and workflow
familiarity as central industry priorities, and suggests that exposure to realistic, end-to-end
laboratory workflows may reduce onboarding time.

When asked about effective approaches for training and onboarding teams to use a
Programmable Cloud Laboratory, respondents most frequently selected one day onsite
workshops with hands-on labs and self-paced modules with sandbox accounts, indicating a
preference for practical, low-barrier training formats. A smaller number of respondents selected
live virtual bootcamps consisting of four 2-hour sessions, suggesting interest in synchronous
training when time commitments are clearly bounded. Less frequently selected approaches
included role-based microlearning plus weekly office hours, shadowed pilot projects using an
organization’s own data, and train-the-trainer packages for internal leads, which require greater
coordination, longer time horizons, or deeper organizational commitment. Collectively, these
responses indicate that industry favors onboarding models that are modular, time-limited, and
easy to integrate into existing workflows, while more intensive or customized training structures
are viewed as secondary or situational rather than default pathways.

To identify conditions that would encourage early adoption of a Programmable Cloud
Laboratory, respondents reported which factors would most increase their likelihood of adoption.
Respondents most frequently selected no-cost sandbox access for 60 days and published case
studies that show return on investment, indicating that low-risk evaluation opportunities and
evidence of tangible value are primary drivers of interest. A smaller number of respondents



selected dedicated support engineers during onboarding and tailored pilot deployments on their
own workflows with a defined service level agreement (SLA), suggesting that while hands-on
support is valued, it is not the default expectation. Less frequently selected factors included ready
security and compliance review packages, native integration with existing laboratory information
management systems (LIMS), and native integration with electronic laboratory notebooks
(ELN), reflecting the higher organizational and regulatory effort required for such commitments.
Collectively, these responses indicate that industry interest in Programmable Cloud Laboratory
adoption is driven less by novelty and more by opportunities for low-risk exploration,
demonstrated return on investment, and minimal upfront integration burden.

Overall, the results suggest that programmable cloud laboratories are viewed as a promising
educational mechanism for improving workforce readiness, particularly by exposing students to
realistic operational constraints and documentation practices that align with industry
expectations. At the same time, adoption is contingent on practical considerations, including ease
of access, clear evidence of benefit, and flexible training models. These findings support the use
of PCL environments in academic settings as a scalable, low-risk approach to preparing students
for industry workflows, while highlighting the importance of modular design and
evidence-driven deployment to encourage broader industry engagement.

Graduates trained in PCL envirenment would strengthen

Do you believe training with a Programmable Cloud Laboratory workforce readiness faster compared with typical new hires

will improve workforce readiness by giving realistic expectations
about constraints, documentation, and timelines?
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Figure 5. Industry perspectives on the educational value, workforce impact, and adoption
conditions of a Programmable Cloud Laboratory (PCL). The top-left panel reports whether
respondents believe PCL-based training would improve workforce readiness by providing
realistic exposure to constraints, documentation, and timelines. The top-right panel reports
perceptions of whether graduates trained in a PCL environment would strengthen workforce
readiness faster than typical new hires. The bottom-left panel summarizes preferred approaches
for training and onboarding teams to use PCL. The bottom-right panel reports factors most likely
to increase industry willingness to become early adopters of a PCL node. Bars indicate the
number of respondents selecting each option (n = 25).

Industry recommendations on bridging academia with industry using BDT and PCL

To better understand the conditions under which industry would engage in academic
collaboration, respondents were asked the following open-ended question: “Under what
conditions would you consider collaborating with academic institutions to develop biodigital
twins and programmable cloud laboratories? (Table. 1). The open-ended responses reveal that
industry views collaboration on biodigital twins and programmable cloud laboratories as a
selective product and workflow partnership evaluated through the same criteria used for internal
R&D investments. Interest is highest when collaboration directly advances automation,
infrastructure integration, or a product roadmap, and drops sharply when data exposure, staffing
burden, or unclear ownership is introduced. Data security concerns persist even under
nondisclosure agreements, indicating that trust is not contractual but structural. As a result, the
most realistic collaboration pathway is not broad data sharing, but narrowly scoped engagements
in which academic teams derive insights from constrained or synthetic datasets, often supported
by external funding to offset internal costs. This reframes the role of academia: universities are
not expected to replicate industrial systems, but to serve as low-risk testbeds where workforce
skills, automation workflows, and biodigital twin concepts can be developed and validated
before full industrial adoption.

Limitations

This work is intended to explore industry expectations and preferences to determine a future role
of universities to collaborate with industry in preparing bioengineering graduates for the
changing workforce. However, the limited number of surveyed companies is not intended to
represent a universal industry opinion or demand, but rather can be interpreted as an initial
approach to gather industry perspectives on the use of new Al-driven BDT and PCL technologies
as educational tools. Furthermore, the findings reflect current industry trends, which may change
rapidly as BDT and PCL technologies continue to emerge and mature. As observed in the results,
many established biotechnology companies reported limited familiarity with these technologies



at the time of the survey. Finally, this paper does not yet report student learning outcomes or
curricular intervention effects; its contribution is to characterize industry perspectives that can
guide the design of subsequent educational implementations, which are outlined in the Future

Work section.

Theme

Mutual Benefit /
Alignment with
Company Goals /
Partnership Quality /
Security

Funding / Resources /
ROI

Under what conditions would you consider collaborating
with academic institutions to develop BDT and PCL?

PCL would be most interesting. We’ve built infrastructure and
tools for this, so some sort of development partnership would be
interesting.

Mutually beneficial advancement of our product roadmap

As long as the data are handled securely and there is mutual
benefit, we would be open to collaborating.

I think there's value when initiatives can align with company
values and interests.

Good project. Good partnership.

Collaboration would be considered when: There is clear
alignment in scientific goals around automation, data standards,
and predictive biology. The partner institution has infrastructure
for robotic or high-throughput experimentation that integrates
with programmable lab environments. Data sharing follows
FAIR principles and supports interoperable, real-time digital
twin updates. IP, data ownership, and publication policies are
transparent and mutually beneficial. There is a joint funding or
sustainability plan with measurable translational outcomes
beyond academic publication.

Clear indication of how data will be secured for biodigital twins.
Similar concerns for PCL- industry standards for data security
are high, clear indications of how PCL will manage the data
generated in labs will need to be determined.

Data anonymization and access to university facilities and
instruments

Funding for staff

One where there would be cost sharing potentially through an
external Grant



High ROI

I need buy-in from the leadership team. I have ideas that I would

Internal Process / need to pitch to stakeholders.

Leadership /

Coordination / Need to have a cadence of meetings with lab team, I'T and
Integration external partner

PCL would be of interest if they can integrate our hardware

Perhaps looking at contrived samples i.e. cell lines might be
good for initial proof of concept

Table 1. Open-ended industry responses describing conditions under which they would
consider collaborating via biodigital twins (BDT) and programmable cloud laboratories
(PCL) with academic institutions. Responses were listed under themes, including mutual
benefit and strategic alignment, funding and resource considerations, infrastructure and technical
integration, data security and intellectual property governance, internal leadership and
coordination requirements, and the use of low-risk proof-of-concept approaches.

Future Work

To strengthen the industry-grounded evidence base and capture the rapidly evolving nature of Al
and generative Al adoption in biomedical engineering, additional biomedical and bioengineering
companies across the United States are invited to complete the survey on an ongoing basis.
Expanding participation will allow for tracking shifts in workforce expectations, governance
practices, and adoption barriers as Al-driven tools mature and regulatory landscapes evolve. In
addition, follow-up conversations with selected industry organizations are planned to collect
deeper qualitative insights into collaboration conditions, partnership models, and data
governance strategies relevant to biodigital twins and programmable cloud laboratories. These
discussions will focus on identifying practical mechanisms through which academic—industry
collaboration can support industrial advancement while informing educational decision-making,
particularly under constraints related to data sensitivity, privacy, and scalability. Collectively,
these future efforts aim to refine the synthesis of industry requirements and constraints presented
in this study and to inform evidence-based curriculum planning for preparing future generations
of work-ready bioengineering graduates.

Conclusion



This study examined industry perspectives on preparing an Al- and genAl-ready biomedical
engineering workforce and identified key barriers to scaling workforce-aligned training through
academia—industry collaboration. Guided by a continuous feedback framework, the findings
indicate that while industry broadly recognizes the potential educational value of biodigital twins
and programmable cloud laboratories, their scalability is constrained less by technical feasibility
and more by structural factors, including data sensitivity, regulatory compliance, intellectual
property protection, and internal resource limitations. Industry interest in collaboration was
consistently conditional, favoring low-risk engagement models such as internships, narrowly
scoped applied projects, synthetic or non-sensitive datasets, and externally funded partnerships
that minimize staffing and governance burden. These constraints limit the viability of large-scale
data sharing or replication of industrial systems within academic settings, particularly in
regulated biomedical contexts. Programmable cloud laboratories were viewed as a promising
complementary mechanism for scaling exposure to realistic experimental workflows,
documentation practices, and timelines, but adoption similarly depends on modular design, ease
of access, and clear evidence of return on investment. Collectively, the results suggest that
scalable Al and genAl training in biomedical engineering will require educational infrastructures
that function as boundary mechanisms, mediating between academic constraints and industry
realities, rather than attempting to replicate proprietary industrial environments, with scalability
shaped primarily by governance, data, and resource considerations rather than instructional
ambition alone. Once these constraints are addressed in future work, we envision the possibility
of an accessible, scalable, workforce-aligned training opportunity via academia-industry
collaborations, which could be available across institutions and incorporated into the existing
curricula.
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