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Abstract

This article examines the opportunity cost dilemma faced by healthcare sys-
tems when allocating resources for medical professional training between immedi-
ately applicable artificial intelligence technologies and long-term quantum comput-
ing applications. Drawing from economic theory and healthcare policy analysis,
we investigate how population demand pressures influence rational investment de-
cisions in medical education. The analysis reveals that despite the promising future
of quantum technologies in medicine, the immediate applicability of AI tools, com-
bined with urgent population health needs, creates a significant opportunity cost
when resources are diverted to premature quantum training programs. We develop
a theoretical framework for evaluating training investments under temporal con-
straints and demand pressure, demonstrating that current quantum applications
in medicine remain largely experimental and distant from clinical implementation.
The findings suggest that healthcare systems facing resource constraints should pri-
oritize AI-based training programs that address immediate population needs, while
maintaining awareness of quantum developments without committing substantial
training resources prematurely. This work contributes to the healthcare economics
literature by formalizing the temporal dimension of training investment decisions in
contexts of technological uncertainty and urgent social demands.
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1 Introduction

The rapid advancement of technologies applicable to healthcare has created unprecedented
challenges for medical education systems and healthcare administrators responsible for
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professional development programs. Contemporary medical institutions face critical deci-
sions regarding the allocation of limited training resources across competing technological
platforms, each promising transformative impacts on clinical practice (Ernst et al., 2019;
Frank et al., 2019). This decision-making process has intensified as artificial intelligence
systems demonstrate immediate clinical utility while emerging quantum technologies at-
tract substantial research attention despite their distant practical implementation (Kop,
2023; Mauranyapin et al., 2022).

The central tension examined in this article emerges from the fundamental economic
principle of opportunity cost applied to medical training investments (?). When health-
care systems commit resources to training medical professionals in specific technological
domains, they necessarily forgo alternative applications of those same resources. This
trade-off becomes particularly acute when comparing technologies with vastly different
implementation timelines. Artificial intelligence applications in medicine, including di-
agnostic support systems, image analysis tools, and clinical decision support platforms,
have achieved operational status in numerous healthcare settings (Schindler et al., 2021;
Yolusever, 2025). Conversely, quantum computing applications in medicine remain pre-
dominantly theoretical, with practical clinical implementations facing substantial tech-
nical barriers and extended development timelines (Wolbring, 2022; Wheatley Research
Consultancy, 2024).

The urgency of this resource allocation decision intensifies under the pressure of pop-
ulation health demands. Healthcare systems worldwide confront growing patient vol-
umes, expanding disease burdens, and persistent shortages of trained medical profession-
als (Kombate, 2018). These immediate pressures create strong incentives for investing in
training programs that generate rapid returns through improved clinical efficiency and
expanded service capacity. Technologies offering delayed benefits, regardless of their ulti-
mate potential, compete unfavorably against alternatives providing immediate population
health improvements when resources are constrained (Raja and Christiaensen, 2017).

Current literature on medical technology adoption and professional training has pri-
marily focused on implementation barriers, clinical effectiveness, and patient outcomes
(Acemoglu and Restrepo, 2018; Kuban State Agrarian University et al., 2025). However,
the economic dimensions of training investment decisions, particularly the opportunity
cost framework applied to technologies with divergent maturation timelines, remain un-
derexplored (Juma et al., 2001; Heeks and Bukht, 2018). This gap in the literature be-
comes increasingly problematic as healthcare systems confront pressures to adopt multiple
technological platforms simultaneously while facing severe resource constraints.

This article develops a theoretical framework for analyzing medical training invest-
ment decisions when technologies differ substantially in their implementation readiness
and population impact timelines. We examine the specific case of AI versus quantum
technologies to illustrate broader principles applicable to healthcare education resource
allocation (Middleton, 1993; Saleem and Higuchi, 2014). The analysis integrates economic
theory regarding opportunity cost and investment under uncertainty with practical con-
siderations of population health demands and healthcare system constraints.

The structure of this article proceeds as follows. The next section examines the current
landscape of medical training and technological disruption, establishing the context for
investment decisions. We then analyze artificial intelligence applications in medicine and
their training requirements, followed by an assessment of quantum technologies’ current
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state and realistic implementation timelines. Subsequently, we develop an opportunity
cost framework specifically adapted to medical training investments. The article then
examines how population demand pressures influence rational decision-making in this
context, followed by a discussion synthesizing the key findings and their policy implica-
tions.

2 The Current Medical Training Landscape and Tech-

nological Disruption

Medical education systems globally face unprecedented transformation pressures as tech-
nological capabilities advance faster than curricular adaptation mechanisms can accom-
modate (Middleton, 1991). Traditional medical training models, developed over decades
to prepare physicians for clinical practice based on established diagnostic and therapeutic
paradigms, struggle to incorporate rapidly evolving technological tools without extending
already lengthy training periods or displacing established competency requirements.

The fundamental challenge emerges from the fixed capacity of medical training sys-
tems. Total training time, measured in years of residency and continuing education,
faces practical limits determined by both economic constraints and human capital de-
velopment considerations. Medical professionals cannot indefinitely extend their training
periods to accommodate every emerging technology. Healthcare institutions similarly face
bounded capacities for providing ongoing professional development to practicing physi-
cians. These constraints necessitate careful prioritization of training investments across
competing technological domains.

Contemporary medical practice increasingly depends on technological intermediation
between physicians and patients. Diagnostic processes incorporate sophisticated imaging
technologies, laboratory analysis platforms, and data integration systems (Frank et al.,
2019). Therapeutic interventions utilize precision medicine approaches guided by genetic
profiling and computational modeling. Clinical workflow management depends on elec-
tronic health record systems and algorithmic decision support. Each technological layer
requires corresponding physician competencies, creating cumulative training burdens that
challenge traditional medical education models.

The velocity of technological change further complicates training investment decisions.
Technologies that appear promising at early development stages may fail to achieve clinical
viability, rendering associated training investments obsolete. Conversely, technologies that
mature rapidly and achieve widespread implementation create urgent training needs that
existing programs struggle to meet. Healthcare systems must therefore evaluate not only
the ultimate potential of emerging technologies but also their probable implementation
timelines and the consequences of delayed workforce preparation.

Resource allocation for medical training occurs within a complex institutional environ-
ment characterized by multiple competing objectives. Healthcare systems simultaneously
pursue goals of service provision, research advancement, public health protection, and
professional development. Training investments compete for resources against immediate
patient care needs, infrastructure maintenance, research funding, and other essential func-
tions. This multi-objective environment intensifies the importance of careful opportunity
cost evaluation when committing to specific training programs.
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The introduction of artificial intelligence and quantum computing into medical dis-
course has created particular challenges for training resource allocation. Both technol-
ogy domains generate substantial enthusiasm within medical research communities and
receive extensive media coverage highlighting their transformative potential. However,
these technologies differ radically in their current readiness for clinical implementation
and their immediate applicability to population health challenges. This disparity creates
a critical decision point for healthcare administrators responsible for allocating limited
training resources.

Medical professional organizations and educational institutions have begun respond-
ing to AI integration pressures by developing curricula and training programs focused on
AI literacy, data science fundamentals, and specific AI application domains (Ernst et al.,
2019). These programs reflect recognition that AI tools have achieved sufficient maturity
and penetration in clinical settings to warrant systematic workforce preparation. The in-
vestment in AI training infrastructure represents a substantial commitment of educational
resources but aligns with observable trends in clinical practice transformation.

In contrast, quantum computing training programs for medical professionals remain
largely absent from mainstream medical education. A few specialized research institutions
have incorporated quantum computing concepts into advanced computational biology or
medical physics programs, but these initiatives target narrow research-oriented audiences
rather than general medical populations (de Jong, 2022; Arrow et al., 2023). This limited
penetration reflects the current reality that quantum computing applications in medicine
remain predominantly theoretical rather than operational.

3 AI in Medicine: Immediate Applications and Train-

ing Requirements

Artificial intelligence technologies have achieved substantial penetration in clinical medicine
across multiple application domains, creating immediate training needs for medical profes-
sionals (Yolusever, 2025; Schindler et al., 2021). Unlike theoretical or distant technological
prospects, AI systems currently operate in healthcare settings worldwide, influencing di-
agnostic processes, treatment planning, and patient monitoring. This operational reality
transforms AI competency from an optional enhancement to an essential professional skill
for contemporary medical practice.

Diagnostic imaging represents the most mature domain for AI clinical applications.
Deep learning algorithms demonstrate performance comparable to or exceeding human
experts in analyzing radiological images, pathology slides, and retinal photographs. These
systems have received regulatory approval in numerous jurisdictions and operate in routine
clinical workflows. Radiologists, pathologists, and ophthalmologists increasingly interact
with AI systems as standard components of their diagnostic processes, necessitating com-
petencies in system operation, output interpretation, and appropriate clinical integration.

The training requirements for effective AI utilization in diagnostic imaging extend
beyond simple system operation. Medical professionals must understand AI system limi-
tations, including sensitivity to image quality variations, potential biases in training data,
and appropriate application boundaries (Frank et al., 2019). They must develop judgment
regarding when AI outputs warrant further investigation versus direct acceptance. These
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competencies require systematic training programs that combine technical AI literacy
with domain-specific clinical knowledge.

Clinical decision support systems powered by AI algorithms have similarly achieved
operational status across diverse medical specialties. These systems analyze patient data
to generate treatment recommendations, predict clinical deterioration risks, and identify
adverse drug interaction risks (Acemoglu and Restrepo, 2018). Their integration into
electronic health record systems makes them ubiquitous in contemporary clinical practice.
Physicians must develop competencies in interpreting AI-generated recommendations,
understanding their underlying logic, and integrating them appropriately into clinical
decision-making processes.

Natural language processing applications have emerged as another significant AI do-
main in medicine. These systems extract structured information from clinical notes, au-
tomate administrative documentation tasks, and facilitate literature search and evidence
synthesis. The time savings generated by NLP tools directly address physician burnout
concerns related to documentation burdens. Training for effective NLP utilization re-
quires understanding system capabilities, appropriate delegation of documentation tasks,
and quality assurance processes for automated outputs.

Predictive analytics applications use AI to forecast patient outcomes, resource utiliza-
tion needs, and disease progression trajectories. Healthcare systems deploy these tools
for population health management, resource allocation optimization, and preventive in-
tervention targeting. Medical professionals require training to interpret predictive model
outputs, understand uncertainty quantification, and translate predictions into actionable
clinical or administrative interventions.

The training infrastructure for AI in medicine has expanded rapidly to meet these
immediate needs. Medical schools have introduced AI and data science curricula. Pro-
fessional organizations offer continuing education programs focused on AI applications in
specific specialties. Healthcare institutions provide on-the-job training for newly imple-
mented AI systems. This training ecosystem represents substantial resource investment
but responds to demonstrated immediate needs in clinical practice.

Cost considerations for AI training programs remain relatively manageable compared
to other technological training investments. AI literacy and application skills build on
existing computational competencies that many medical professionals possess. Training
programs can leverage online resources, simulation environments, and existing clinical
data for educational purposes. The incremental cost of adding AI competencies to medical
education programs, while non-trivial, appears modest relative to the efficiency gains and
clinical improvements these competencies enable.

The return on investment for AI training manifests rapidly through multiple path-
ways. Enhanced diagnostic accuracy improves patient outcomes and reduces costly er-
rors. Workflow automation reduces physician time burdens and expands service capacity.
Predictive analytics enables proactive interventions that prevent expensive acute care
episodes. These immediate benefits justify training investments through tangible im-
provements in healthcare delivery efficiency and effectiveness.
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4 Quantum Technologies in Medicine: Promises and

Temporal Constraints

Quantum computing has generated substantial enthusiasm within scientific communi-
ties for its theoretical potential to revolutionize computational approaches to complex
problems (Quantum Technology and Application Consortium – QUTAC, 2021; Mudhol,
2024). Proponents envision quantum computers solving currently intractable challenges
in molecular simulation, drug discovery, genetic analysis, and medical imaging optimiza-
tion. These applications, if realized, could indeed transform medical research and clinical
practice. However, realistic assessment of quantum computing’s current state and proba-
ble implementation timeline reveals substantial temporal constraints that critically inform
training investment decisions (Wolbring, 2022; Wheatley Research Consultancy, 2024).

The current state of quantum computing technology remains predominantly experi-
mental (de Jong, 2022). Available quantum computers operate with limited qubit counts,
high error rates, and severe decoherence problems that restrict their computational utility.
Most quantum computing demonstrations focus on proof-of-concept problems rather than
practical applications. The transition from experimental demonstrations to reliable, scal-
able quantum computers capable of solving real-world medical problems faces numerous
technical barriers without established solution timelines.

Quantum computing applications specifically relevant to medicine remain almost en-
tirely theoretical. Drug discovery through quantum simulation of molecular interactions
represents a frequently cited potential application, yet current quantum computers cannot
simulate molecules of pharmaceutical relevance with accuracy exceeding classical compu-
tational approaches (Mauranyapin et al., 2022; Kop, 2023). Genomic data analysis using
quantum algorithms has been proposed but not demonstrated at scales relevant to clinical
applications. Medical image reconstruction using quantum computing remains a theoret-
ical possibility without experimental validation.

The timeline for achieving clinically relevant quantum computing applications in medicine
remains highly uncertain and likely extends across multiple decades (Possati, 2024). Tech-
nical challenges in improving qubit coherence times, reducing error rates, scaling quan-
tum processors to useful sizes, and developing practical quantum algorithms for medical
problems all require fundamental advances without guaranteed success pathways. Ex-
pert assessments of quantum computing maturation timelines vary widely but generally
acknowledge that practical medical applications remain distant prospects rather than
near-term possibilities.

This temporal reality creates a fundamental challenge for medical training resource
allocation. Training medical professionals in quantum computing concepts and potential
applications commits resources to competencies that will not generate practical clinical
utility for decades, if ever. The opportunity cost of this investment becomes particularly
acute when compared against immediately applicable alternatives like AI training that
generate rapid returns through enhanced clinical capabilities.

Some advocates for quantum computing training in medicine argue for early work-
force preparation to ensure readiness when quantum technologies mature. This argument
assumes that quantum computing will eventually achieve clinical relevance and that early
training investments position healthcare systems advantageously for adoption. However,
this logic overlooks several critical considerations that challenge its validity.
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First, the substantial uncertainty regarding which specific quantum computing ap-
proaches will ultimately prove viable for medical applications makes current training in-
vestments prone to obsolescence. Training in quantum computing paradigms that subse-
quently prove impractical or that are superseded by alternative approaches wastes scarce
educational resources. Second, the rapid pace of technological development means that
quantum computing knowledge acquired today will likely require complete refresher train-
ing when practical applications eventually emerge. Third, the opportunity cost of divert-
ing training resources from immediately applicable technologies creates immediate deficits
in clinical capabilities that harm current patient populations.

The realistic assessment of quantum technologies in medicine must also acknowledge
that many hyped quantum applications may never materialize or may be superseded by
advances in classical computing. Computational capabilities of classical systems continue
advancing rapidly, potentially solving problems currently identified as requiring quantum
approaches before quantum computers achieve practical viability. This possibility further
increases the risk associated with premature training investments in quantum computing.

Healthcare systems facing immediate population health challenges and severe resource
constraints cannot justify substantial training investments in technologies lacking clear
implementation pathways or timelines. The theoretical promise of quantum computing,
while intellectually interesting, does not constitute sufficient grounds for diverting training
resources from proven, operational technologies that address current clinical needs. Ra-
tional resource allocation requires prioritizing training investments that generate timely
returns aligned with population health demands.

This assessment should not be interpreted as dismissing quantum computing’s poten-
tial long-term value or discouraging basic research in quantum applications to medicine.
Rather, it recognizes that research, development, and eventual clinical implementation
follow sequential pathways with distinct resource requirements and appropriate institu-
tional roles. Premature workforce training in technologies not yet approaching clinical
readiness represents a misallocation of scarce educational resources that could better
serve immediate population needs through alternative applications.

5 Opportunity Cost Framework for Medical Training

Investment

The economic principle of opportunity cost provides a rigorous analytical framework for
evaluating medical training investment decisions when resources are constrained and mul-
tiple technological alternatives compete for allocation. Opportunity cost represents the
value of the next best alternative foregone when a particular choice is made. In the context
of medical training, committing resources to preparing professionals for one technological
domain necessarily reduces capacity to develop competencies in alternative domains.

Let us formalize this framework for the specific case of AI versus quantum technology
training. Healthcare systems possess a finite training resource capacity T representing
the total time, funding, and instructional resources available for technological compe-
tency development. This capacity faces constraints from both supply factors, such as
available instructors and training infrastructure, and demand factors, including trainee
time availability and cognitive load limits.
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Training investment in AI technologies requires resource allocation TAI while quantum
technology training requires TQ. The fundamental resource constraint can be expressed
as:

TAI + TQ + Tother ≤ T

where Tother represents training resources allocated to other essential medical competen-
cies.

The returns on these training investments differ substantially in both magnitude and
timing. AI training generates immediate returns through enhanced clinical capabilities
that can be expressed as:

RAI(t) = βAI · TAI · e−δt

where βAI represents the immediate productivity gains from AI competencies, and δ
captures the depreciation rate of AI knowledge over time as technologies evolve.

Quantum technology training, in contrast, generates returns only after a substantial
delay period τ representing the time until practical quantum applications become avail-
able:

RQ(t) =

{
0 if t < τ

βQ · TQ · e−δ(t−τ) if t ≥ τ

The opportunity cost of allocating resources to quantum training equals the AI training
benefits foregone. For any unit of training resource diverted to quantum technologies, the
immediate lost benefit equals βAI while the eventual gained benefit, discounted to present
value, equals:

βQ · e−rτ

where r represents the social discount rate reflecting society’s time preference.
The rational training investment decision requires comparing these present values.

Quantum training becomes economically justified only when:

βQ · e−rτ > βAI

This inequality reveals that quantum training requires either substantially higher ul-
timate productivity gains to overcome the delay discount factor, or relatively short im-
plementation timelines to minimize discounting effects. Given realistic assessments that
quantum medical applications face decades-long development timelines and uncertain ul-
timate productivity advantages, this condition rarely holds under reasonable parameter
values.

Population demand pressures introduce additional considerations into this framework
through the social welfare implications of delayed benefits. Healthcare systems serve
populations with immediate health needs that generate welfare losses when unmet. Let
W (t) represent the cumulative welfare loss from unmet population health needs. AI
training that enhances immediate service delivery reduces this welfare loss according to:

dW

dt
= −α ·RAI(t)

where α captures the translation from clinical productivity improvements to population
welfare gains.

8



Medical Training Investment Decisions W. S. A. Ramos

Quantum training investments, by generating zero immediate clinical improvements,
allow welfare losses to accumulate during the delay period. The cumulative welfare cost
of choosing quantum over AI training during the interval [0, τ ] equals:

CW =

∫ τ

0

α · βAI · TQ dt

= α · βAI · TQ · τ
This welfare cost must be recovered through superior quantum technology performance

after implementation to justify the training investment choice. The magnitude of required
superiority increases linearly with the delay period, creating increasingly stringent justi-
fication requirements for technologies with extended maturation timelines.

Risk and uncertainty considerations further complicate training investment decisions.
Quantum technology development faces substantial technical uncertainties with non-
negligible probabilities of complete failure or indefinite delay. Let p represent the prob-
ability that quantum technologies achieve clinical viability within a relevant planning
horizon. The expected value of quantum training investment becomes:

E[RQ] = p · βQ · e−rτ

This uncertainty further reduces the relative attractiveness of quantum training invest-
ments compared to AI alternatives with much higher implementation certainty. Health-
care systems serving vulnerable populations typically exhibit risk aversion, preferring
certain immediate benefits over uncertain delayed benefits of equivalent expected value.

The framework also incorporates flexibility considerations through option value anal-
ysis. Delaying quantum training investments until technologies approach clinical viability
preserves resource flexibility while avoiding premature commitments to potentially obso-
lete approaches. The option value of waiting increases with technological uncertainty and
decreases with competitive pressures that advantage early adopters. In medical training
contexts, where delayed adoption rarely creates substantial competitive disadvantages
and technological uncertainty remains high, option values favor delayed quantum training
commitments.

6 Population Demand and Short-Term Imperatives

Healthcare systems operate under constant pressure from population health demands that
create powerful incentives for training investments generating immediate service capacity
improvements (Kombate, 2018; Raja and Christiaensen, 2017). These demand pressures
interact with opportunity cost considerations to reinforce the economic case for prioritizing
immediately applicable technologies over distant prospects in medical training resource
allocation.

Global healthcare systems confront persistent shortages of medical professionals rel-
ative to population needs. These shortages manifest through extended wait times for
specialty services, limited access to diagnostic procedures, and geographic disparities in
healthcare availability. Population aging in numerous countries intensifies these pres-
sures by expanding the disease burden requiring medical attention while simultaneously
reducing the ratio of working-age healthcare providers to patients.
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Training investments that enhance individual physician productivity through technol-
ogy adoption directly address these capacity constraints without requiring proportional
increases in total physician supply (Middleton, 1993). AI diagnostic support systems
enable individual physicians to process larger patient volumes while maintaining or im-
proving diagnostic accuracy. Workflow automation reduces time spent on administrative
tasks, freeing physician time for direct patient care. These productivity improvements
expand effective service capacity within existing workforce constraints.

The immediate nature of AI productivity gains means that training investments gener-
ate rapid returns that help address current population health needs. A physician trained
in AI diagnostic tools immediately provides enhanced service capacity. The cumulative
population health benefit accrues continuously from the moment training completes. This
immediate benefit flow contrasts sharply with quantum technology training, which gener-
ates zero immediate productivity improvements and therefore provides no relief for current
capacity constraints.

Population health equity considerations further strengthen the case for immediate-
benefit training investments. Healthcare access disparities disproportionately affect vul-
nerable and underserved populations who face the longest wait times and most limited
service availability (Heeks and Bukht, 2018). Training investments that expand immediate
service capacity directly benefit these disadvantaged populations. Conversely, diverting
resources to training programs that generate only distant benefits perpetuates current
access inequities by delaying capacity expansions that would reduce disparities.

The political economy of healthcare resource allocation reinforces these short-term
imperatives. Healthcare systems operate within democratic political environments where
current voters and patients exert stronger influence than hypothetical future beneficia-
ries. Politicians and healthcare administrators face accountability for current system
performance, creating incentives to prioritize interventions generating visible immediate
improvements. Training investments in AI technologies that demonstrably enhance cur-
rent service delivery align with these political economy pressures more effectively than
speculative long-term quantum investments.

Fiscal constraints on healthcare systems intensify the pressure for training investments
generating rapid returns. Healthcare budgets compete with other essential public services
for limited government resources. Training programs must justify their costs through
demonstrable benefits within planning horizons relevant to budget cycles and political
terms. AI training programs can point to immediate efficiency gains, service capacity
expansions, and quality improvements to justify their costs. Quantum training programs
lack comparable near-term justification, making them vulnerable to budget pressures.

Patient expectations and healthcare quality metrics increasingly incorporate techno-
logical sophistication as evaluation criteria. Patients expect access to advanced diagnostic
technologies and evidence-based treatment approaches informed by current best practices.
Healthcare quality assessments evaluate diagnostic accuracy, treatment effectiveness, and
service timeliness. AI technologies that enhance performance on these metrics help health-
care systems meet patient expectations and quality standards. Quantum technologies that
remain unavailable for clinical application contribute nothing to current quality perfor-
mance.

Workforce recruitment and retention considerations also favor training investments
in currently operational technologies. Medical professionals seek employment in insti-
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tutions offering access to advanced tools and opportunities for professional development
in relevant skill areas. Healthcare systems that provide AI training and implementation
support attract and retain talented physicians. Quantum computing training programs
that lack practical application opportunities generate limited recruitment value and may
signal misalignment between institutional priorities and clinical reality.

7 Discussion

The analysis presented in this article demonstrates that healthcare systems facing re-
source constraints and population demand pressures should prioritize medical training
investments in immediately applicable AI technologies over premature quantum comput-
ing training programs. This conclusion emerges from multiple reinforcing considerations
spanning economic theory, technological maturity assessment, and population health im-
peratives.

The opportunity cost framework reveals that quantum technology training faces se-
vere economic disadvantages due to extended implementation delays that discount future
benefits substantially. Even assuming eventual quantum computing success in medical ap-
plications, the decades-long maturation timeline and substantial technical uncertainties
reduce present value benefits below those available from immediate AI training invest-
ments (Wolbring, 2022; Wheatley Research Consultancy, 2024). This economic disad-
vantage intensifies when incorporating population welfare considerations that penalize
delayed benefits during periods of unmet health needs.

Technological maturity assessment supports this economic analysis by confirming that
quantum computing applications in medicine remain predominantly theoretical with un-
clear implementation pathways (de Jong, 2022; Possati, 2024). In contrast, AI technolo-
gies have achieved operational status across multiple clinical domains, creating immediate
training needs that align with current practice requirements (Ernst et al., 2019; Yolusever,
2025). The stark difference in technological readiness between AI and quantum computing
justifies asymmetric training resource allocation heavily favoring AI.

Population demand pressures create powerful additional incentives for prioritizing
immediate-benefit training investments (Kombate, 2018). Healthcare capacity constraints,
access inequities, and quality improvement imperatives all benefit from AI training that
enhances current service delivery. Quantum training provides no relief for these immedi-
ate pressures and therefore fails to address urgent population needs. In contexts where
vulnerable populations face unmet health needs, diverting resources to distant-benefit
training programs raises serious ethical concerns about resource allocation priorities.

The policy implications of this analysis extend beyond the specific AI versus quantum
comparison to inform broader principles for medical training investment decisions (Juma
et al., 2001; ?). Healthcare systems should evaluate training investments using rigorous
opportunity cost analysis that accounts for implementation timelines, technological un-
certainties, and population health impacts. Training resources should flow preferentially
toward technologies demonstrating near-term clinical applicability rather than speculative
long-term prospects. This prioritization becomes particularly important when healthcare
systems face severe resource constraints and pressing population health challenges.

This analysis does not argue against basic research in quantum computing applica-
tions to medicine or discourage exploration of potential future applications. Research and
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development activities serve different functions than workforce training programs and war-
rant separate resource allocation considerations (Saleem and Higuchi, 2014). Healthcare
systems can support quantum computing research through targeted research programs
while declining to implement broad medical workforce training programs for technologies
lacking clear implementation timelines.

The framework developed in this article also recognizes that training investment deci-
sions involve dynamic considerations that may shift as technologies mature. If quantum
computing eventually achieves clinical viability, training investment priorities would ap-
propriately adjust to reflect new realities. The key insight is that training investments
should align with current and near-term technological capabilities rather than distant
speculative possibilities. Maintaining awareness of emerging technologies while deferring
training investments until implementation approaches represents a rational strategy that
preserves resource flexibility.

Several limitations of this analysis warrant acknowledgment. The framework simplifies
complex training investment decisions into binary AI versus quantum choices, while real-
world decisions involve multiple competing technological platforms and competency do-
mains. The analysis focuses primarily on economic and population health considerations,
giving less attention to other potentially relevant factors such as scientific prestige, re-
search advancement, or international competitiveness. The opportunity cost calculations
rely on parameter estimates subject to uncertainty, though the qualitative conclusions
appear robust across reasonable parameter ranges.

Future research should expand this framework to incorporate multiple competing
training investment options simultaneously, develop more sophisticated models of tech-
nological maturation pathways and their uncertainties, and empirically estimate key pa-
rameters such as productivity gains from different training programs and appropriate
discount rates for healthcare training investments. Comparative analysis across differ-
ent healthcare system contexts could reveal how institutional factors influence optimal
training investment strategies.

8 Conclusion

This article has examined the opportunity cost dilemma faced by healthcare systems allo-
cating medical training resources between artificial intelligence and quantum computing
technologies. The analysis demonstrates that immediate population health needs, com-
bined with stark differences in technological maturity and implementation timelines, cre-
ate compelling economic arguments for prioritizing AI training over premature quantum
computing education programs.

Artificial intelligence technologies have achieved operational status across multiple
clinical domains, generating immediate training needs aligned with current practice re-
quirements (Schindler et al., 2021; Frank et al., 2019). These technologies enhance di-
agnostic accuracy, improve workflow efficiency, and expand service capacity in ways that
directly address population health demands. Training investments in AI generate rapid
returns through tangible improvements in healthcare delivery quality and efficiency.

Quantum computing applications in medicine, despite their theoretical promise, re-
main predominantly experimental with implementation timelines extending across multi-
ple decades (Kop, 2023; Mauranyapin et al., 2022). Technical barriers to achieving clini-
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cally relevant quantum computing capabilities persist without clear resolution pathways.
This extended maturation timeline, combined with substantial technological uncertainties,
dramatically reduces the present value of quantum training investments when evaluated
against immediate AI alternatives.

The opportunity cost framework reveals that diverting training resources to quan-
tum technologies imposes substantial welfare costs through foregone AI productivity im-
provements during extended delay periods. Population health demands create ethical
imperatives for prioritizing training investments that address current needs rather than
speculative future possibilities (Kombate, 2018; Raja and Christiaensen, 2017). Health-
care systems serving vulnerable populations cannot justify substantial resource allocations
to training programs generating only distant uncertain benefits.

These findings carry important policy implications for healthcare administrators, med-
ical education institutions, and government health agencies. Training resource allocation
decisions should employ rigorous economic analysis accounting for implementation time-
lines, technological uncertainties, and population health impacts. Current pressure to
incorporate quantum computing into medical education curricula should be resisted until
quantum technologies demonstrate clear pathways to clinical implementation. Resources
currently available for technological training should flow preferentially to AI and other
immediately applicable platforms that enhance current clinical capabilities.

The analysis also highlights the importance of distinguishing between research and
training investments. Supporting quantum computing research through targeted pro-
grams may generate valuable scientific advances without requiring broad medical work-
force training in technologies not yet approaching clinical viability (Saleem and Higuchi,
2014; Middleton, 1993). This separation allows healthcare systems to maintain aware-
ness of emerging technological possibilities while allocating training resources rationally
according to current and near-term needs.

Healthcare systems that prioritize immediate-benefit training investments will better
serve their current patient populations while maintaining flexibility to adjust priorities as
technologies mature. The framework developed in this article provides analytical founda-
tions for these critical resource allocation decisions in an era of rapid technological change
and persistent healthcare capacity challenges.
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