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Abstract

The evolution of artificial intelligence (Al) raises questions about the future roles
of physicians. This study aimed to propose an exploratory foresight model for
stratifying risk across medical specialties, using board-defined competencies and
generative Al (genAl) evaluation as the assessment tool. We developed a heuristic
framework, the Machine automat-ability, Diagnostic Ambiguity, Legal/ethical
complexity, Interpersonal intensity, Knowledge codifiability, Evidence in data,
Difficulty of procedures (MALIKED) score, to capture dimensions of displacement
vulnerability for 27 board-recognized specialties. To minimize individual bias, ratings
were generated by three genAl models (ChatGPT, DeepSeek, and Gemini). Data-
centric fields—Clinical Pathology (30.3/35), Anatomic/Clinical Pathology (29.3/35),
and both Anatomic Pathology and Radiology (28.0/35 each)—clustered in the
highest-vulnerability tier. In contrast, procedurally intensive or patient-interaction-
heavy specialties—including Psychiatry (11.0/35), Neurosurgery (11.7/35),
Obstetrics/Gynecology (13.0/35), General Surgery (13.0/35), Pediatrics (14.3/35),
Emergency Medicine (14.3/35), and Family Medicine (14.3/35)—formed the lowest-
vulnerability tier. Between these extremes, mixed-mode specialties, such as Internal
Medicine (17.0/35) and Neurology (17.0/35), along with Ophthalmology (19.3/35)
and Anesthesiology (21.3/35), occupied an intermediate zone. Displacement
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risk was driven by knowledge codifiability and data-centricity, while procedural
complexity and interpersonal interaction intensity exerted protective effects. This
exploratory foresight framework suggests that the risk of displacement by advanced
or potentially superintelligent Al is unevenly distributed across medical specialties.
While data-driven fields appear most exposed, no specialty is categorically insulated,
as multimodal Al and robotics continue to evolve. The MALIKED framework is not
predictive but intended as a structured lens for debate, education, and workforce
planning regarding the long-term implications of Al in medicine.

Keywords: Generative pre-trained transformer; Clinical competence; Automation;
Workforce; Decision support systems

1. Introduction

Debate over artificial intelligence (AI) utility in healthcare
has largely emphasized augmentation—the enhancement
of physician capabilities rather than their replacement.'” It
has been argued that physicians would remain at the center
of healthcare delivery, with AI tools acting as assistants.*
The Al-assistance is suggested through automating
routine documentation, facilitating administrative work,
highlighting relevant guidelines, or flagging potential
diagnoses.”® Consequently, the ultimate responsibility and
decision-making authority were expected to remain firmly
in human hands, at least through the enforcement of strict
governance guidelines on AI use in healthcare.>® Thus, Al
implementation in healthcare was cast as a partner, not a
competitor. Alarmingly, this view is becoming increasingly
difficult to sustain in light of the outstanding performance
of superintelligent AI models.'*"?

The rapid convergence of large language models
(LLMs), multimodal foundation models, and robotic
process automation is transforming Al tools from narrow-
task into broadly capable, adaptive agents.””'” These
technologies now integrate vast clinical knowledge, natural
language understanding, image interpretation, and even
real-time conversational skills within a single interface.'®"
In 2024, LLM-based platforms, specifically ChatGPT-40
demonstrated performance on the United States Medical
Licensing Examination exceeding 90% across all
components, rivaling—and in some cases surpassing—the
average board-certified physician.” In addition, radiology-
focused Al tools are reporting cancer detection error rates
similar to, or even lower than, those of human readers,??
and dermatologic Al platforms are delivering diagnostic
accuracy on par with specialty-trained clinicians.?**

The trajectory is clear; as Al capabilities extend beyond
discrete sub-tasks toward mastery of entire workflows,
the prospect of automation is shifting from a theoretical
possibility to an operational reality. This is not merely

a technological milestone; it is a workforce inflection
point.®* If machines can autonomously perform the
majority of a medical specialty’s core functions—accurately,
safely, and at scale—the economic and structural incentives
for human displacement become compelling.”*

However, the impact of this Al-transformation will
not be uniform across different medical specialties.
Each specialty relies on a distinct combination of
cognitive reasoning, procedural dexterity, interpersonal
communication, and ethical judgment.”** Radiologists
and pathologists, whose work is predominantly data-
centric and interpretable in machine-readable formats,
appear highly susceptible to Al transformation and
automation.”** In hybrid specialties, such as internal
medicine, emergency medicine, and surgery, vulnerability
to AI implementation is expected to vary according
to task composition and technological feasibility.*?
However, these remain hypothetical scenarios without
hard evidence.

Despite the significance of this issue, the existing
literature on ATI’s potential to displace physicians remains
fragmented.’®*** Most studies are narrowly focused
on single specialties, rely on narrative commentary to
speculate about automation risk, or appear outdated amid
the rapid evolution of Al capabilities.”**! A few surveys
have solicited expert opinion or surveyed medical students,
but such approaches are inherently subjective and prone to
bias, depending on the respondents’ personal experience,
technological literacy, and professional self-interest.****
Such approaches provide a valuable perspective but are
inherently subjective, influenced by respondents’ personal
experience, technological literacy, and professional self-
interest. While these perspectives are valuable, they
lack objectivity and standardization. What remains
underdeveloped is a structured, comparative framework
that allows medical specialties to be assessed against a
common set of criteria, in a manner that is transparent,
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replicable, and anchored in formally defined competencies
rather than anecdote or perception.

The absence of such a framework has practical
consequences. Medical students often face career decisions
shaped more by speculation than by systematic evidence;
educators lack clear signals regarding which competencies
to emphasize for Al resilience; and workforce planners
have no standardized means to anticipate substitution
pressures across medical specialties. As Al tools advance
rapidly, this gap becomes increasingly consequential—
not because present models already constitute
“superintelligent” systems, but because foresight requires
considering scenarios in which Al capabilities substantially
exceed today’s boundaries. In this context, the term
“superintelligent AI” is employed not to assert its present
reality, but as a foresight construct consistent with the
technology governance literature, denoting hypothetical
systems that outperform humans across broad domains of
expertise.'®!!

To address this gap, we propose an exploratory
framework  for  stratifying  medical  specialties’
susceptibility to Al-driven displacement, using board-
defined competencies as the foundation for analysis.
Every specialty recognized by the American Board of
Medical Specialties (ABMS) is governed by certification
requirements and training milestones articulated by the
Accreditation Council for Graduate Medical Education
(ACGME) and equivalent international bodies.*** These
documents, while not free of institutional biases, remain
the most authoritative and codified articulation of what
each specialty is formally trained and certified to do.*****°
By grounding our analysis in these sources, we aim to
move beyond the variability of individual opinion and
toward a systematic, transparent, and reproducible basis
for comparison.

The novelty of this study lies in both its analytic
foundation and evaluative mechanism. Rather than
convening a panel of human experts, we used three
independent generative AI (genAI) models to score
each specialty against a seven-domain framework:
Task automatability, procedural complexity, diagnostic
ambiguity, patient interaction intensity, data-centricity,
knowledge codifiability (standardization), and ethical/legal
complexity. These domains are derived from established
literature on automation risk in labor economics, adapted
to the clinical context.’®'** Taken together, they capture
both the factors that heighten vulnerability (e.g., data-
centricity, codifiability) and those that confer resilience
(e.g., procedural difficulty, interpersonal intensity).

This design offers three pragmatic advantages. First,
it is replicable in protocol—even if genAI model outputs

evolve—given that both the source documents and scoring
rubric are openly accessible. Second, it is comparative,
applying the same framework uniformly across all medical
specialties, thus enabling direct benchmarking. Third, it is
exploratory, providing insight into how advanced genAI
models “perceive” specialty vulnerability. Rather than
predicting inevitable outcomes, the aim is to stimulate
structured debate, identify patterns of risk and resilience,
and highlight where empirical follow-up will be most
urgent as Al integration into healthcare practice deepens.

2. Data and methods
2.1. Study design

We conducted an exploratory, foresight-oriented risk-
mapping exercise to anticipate the relative susceptibility
of medical specialties to displacement by superintelligent
Al Rather than treating this as a conventional empirical
analysis, the study was designed as a framework-building
effort, integrating insights from health workforce
automation literature with structured, multidimensional
scoring tailored to clinical medicine. The primary objective
was to develop a conceptual model capable of highlighting
patterns and plausible trajectories, not to provide definitive
predictions or statistical certainties. No human subjects
or patient data were involved; institutional review board
approval was therefore not required.

2.2, Specialty selection and data sources

Specialties were identified using the official ABMS
classification, supplemented by subspecialties defined by
the ACGME.** These taxonomies ensured definitional
accuracy and comparability. For analytic clarity, the 27
specialties were further grouped into four broad task-oriented
clusters—operative/perioperative, acute/comprehensive
care, diagnostic/laboratory, and cognitive/longitudinal—
using established competency frameworks and published
task analyses.’®*' This grouping was not intended to be
exhaustive, but rather to serve as a heuristic for comparative
foresight. The 27 medical specialties were classified by
the first and senior authors into four groups according
to predominant clinical task profiles, procedural versus
cognitive emphasis, data modality, and patient interaction
characteristics. This grouping was informed by the ACGME
Milestones framework, published medical specialist task
analysis, and Al readiness literature (Figure 1).*°062%

High-complexity operative and perioperative specialties
encompass fields dominated by invasive interventions,
procedural complexity, and perioperative management,
where manual dexterity and intraoperative judgment are
central. Acute and comprehensive care specialties include
disciplines that require broad-spectrum reasoning and rapid
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Figure 1. Medical specialty grouping by predominant clinical task profiles

decision-making across organ systems, typically in high-
throughput, time-sensitive environments. Diagnostic and
laboratory-data specialties are characterized by data-centric
workflows, reliance on structured inputs, such as imaging,
histopathology, or laboratory assays, and high degrees
of standardization. Finally, cognitive and subspecialized
medicine includes fields defined by nuanced diagnostic
reasoning, longitudinal patient relationships, and ethically
complex or highly individualized care contexts.

2.3. Definition of analytical dimensions

We conducted a literature review using Google Scholar
through Publish or Perish (version 8),” concluding on
July 01, 2025. Two independent reviewers (the first and
senior authors) undertook thematic coding of all candidate
constructs, following constant-comparison principles
as highlighted by Naeem et al.”’ Codes were iteratively
refined, with overlapping constructs consolidated into
umbrella categories through consensus adjudication.
Constructs were retained only if they were supported
by 22 independent frameworks and demonstrated
relevance to the health professions. Discrepancies were
resolved through iterative discussion and reference to
the most authoritative sources. This process yielded
seven consolidated dimensions, balancing parsimony
with comprehensiveness (Figure 2). Each of the seven
dimensions was assigned equal weight in the analytic
model. This decision was based on the exploratory nature
of the study and the present absence of validated external
benchmarks to justify differential weighting.

Machine automat-
ability (task
automation

potential)

Difficulty of
procedures
(procedural
complexity)

Ambiguity
(diagnostic
ambiguity)

Evidence in data
(data centricity)

Legal/ethical
complexity

G 111

Interpersonal Knowledge
codifiability

(degree of being

standardizable)

intensity (patient
interaction

intensity)

Figure 2. Analytical dimensions of the MALIKED framework for
assessing the risk of displacement in medical specialties by superintelligent
artificial intelligence. The circular layout represents the equal weighting of
all seven dimensions in this study, reflecting a neutral and transparent
starting point for analysis.

The seven dimensions were: (i) Task automation
potential, defined as the extent to which core medical
specialty tasks can be executed by Al given structured
data availability, demonstrated algorithmic performance,
and prior evidence of automation."**” (ii) Procedural
complexity, defined as the dexterous skill, multi-step
execution, and intra-procedural adaptability required.*®'%
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(iii) Diagnostic ambiguity, defined as variability in
presentation and the need for nuanced pattern recognition
under uncertainty.'”'% (iv) Patient interaction intensity,
defined as the frequency and centrality of empathic,
human-to-human contact.’*'''° (v) Data-centricity,
defined as the reliance on large-scale, structured, and
digitized data streams, such as imaging or laboratory
data.!*'* (vi) Degree of being standardizable, defined
as the uniformity and protocolization of workflows.!!>!2
Knowledge codifiability was used synonymously in
this context to denote the extent to which tasks are
amenable to standardization and formalization into
explicit, reproducible processes. (vii) Ethical/legal
complexity, defined as the degree of legal liability, ethical
deliberation, and professional accountability intrinsic to
the specialty.'*'"'>

Each analytical dimension was rated on a five-
point ordinal scale (1 = minimal, 5 = maximal) by
three independent genAI models—GPT-5 (OpenAl),
DeepSeek-V3 (DeepSeek Inc.), and Gemini-2.5 Flash
(Google)—using a structured prompt (Appendix 1). We
deliberately prioritized commercially deployed genAl
models over open-weight models, as these are most
likely to shape near-term clinical integration. However,
we acknowledge that exclusion of open-weight models
may limit reproducibility. Gemini Flash was chosen over
Gemini Pro for its efficiency and comparable performance
on structured tasks. The scoring protocol adhered to the
METRICS checklist to standardize the design and reporting
of genAl studies in healthcare.’?® We recognize that genAl
judgments are not a substitute for human expert consensus.
Rather, they function here as proxy perspectives of frontier
Al systems—a foresight-oriented lens into how automation-
capable architectures may themselves delineate the evolving
boundaries of medical work.

Dimensions were designated as risk-increasing
(task automation potential, data-centricity, degree of
being standardizable) or risk-mitigating (procedural
complexity, diagnostic ambiguity, patient interaction

intensity, ethical/legal complexity). For risk-increasing
dimensions, higher scores indicated greater susceptibility
to displacement. For risk-mitigating dimensions, reverse
scoring was applied: Reversed Score = 5 — Original Score.

Scoring proceeded in five sequential steps. First, GPT-5
(OpenAl), DeepSeek-V3 (DeepSeek Inc.), and Gemini-2.5
Flash (Google) independently generated seven-dimensional
score profiles for each specialty based on official board
competency descriptions and structured prompts.
Prompting concluded on August 10, 2025 (Table 1).

Second, scores were averaged across the three
models for each dimension to minimize single-model
variance and enhance stability. Third, reverse scoring
was applied to the four risk-mitigating dimensions—
procedural complexity, diagnostic ambiguity, patient
interaction intensity, and ethical/legal complexity—using
the transformation, thereby aligning their contribution
with overall displacement risk. Fourth, a composite
Machine automat-ability, diagnostic Ambiguity, Legal/
ethical complexity, Interpersonal intensity, Knowledge
codifiability, Evidence in data, Difficulty of procedures
(MALIKED) risk score was calculated by summing the
three risk-increasing dimensions with the four reversed
risk-mitigating dimensions, yielding a theoretical range
from 7 (lowest possible risk) to 35 (highest possible risk).
Finally, specialties were classified into five risk categories:
Norisk (7.0),low risk (7.1-14.0), moderate risk (14.1-21.0),
high risk (21.1-28.0), and extremely high risk (28.1-35.0).
These cutoffs were derived from natural inflection points in
the empirical score distribution. We emphasize that these
scores are illustrative indices, not empirical measurements.
Cutoffs for categorical risk bands (no/low/moderate/high/
extremely high) were derived from observed distributional
inflection points to aid interpretability, rather than to
establish hard thresholds.

2.4. Statistical analysis

All analyses were conducted using IBM SPSS Statistics
for Windows, version 26.0 (IBM Corp., NY). Because

Table 1. Characteristics of the three generative artificial intelligence (AI) models used in scoring

Characteristic ChatGPT-5 DeepSeek-V3 Gemini-2.5 Flash
Developer OpenAl DeepSeek Inc. Google DeepMind
Architecture  Proprietary multimodal Transformer-based, optimized ~ Multimodal transformer with Mixture-of-Experts (MoE)

transformer; integrates text, image, for long-context processing

and structured data processing

architecture

Strengths Advanced general-purpose Capable of handling long-context High-speed, low-latency inference, optimized for real-time
reasoning and contextual windows (up to 128K tokens) applications and high-throughput tasks. Features an
interpretation adjustable "thinking budget" to balance performance and cost

Limitations Closed-source weights; limited Lacks native multimodality Optimized for speed, which may reduce depth or detail in

transparency in reasoning chains

compared to competitors

complex, reasoning-heavy tasks
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several risk-dimension scores deviated from normality,
non-parametric methods were applied. Between-group
comparisons of risk-dimension scores across specialties
were assessed using the Kruskal-Wallis H test. Inter-rater
reliability of genAl-derived scores was evaluated using
intraclass correlation coefficients (ICCs), calculated through
a two-way random-effects model, enabling the assessment
of agreement across clinically coherent specialty clusters. All
tests were two-sided, and a p<0.05 was considered statistically
significant. These analyses are presented as exploratory
diagnostics, intended to assess coherence and contrast across
dimensions, not as confirmatory statistical tests.

Hierarchical cluster analysis was applied to classify
medical specialties by their multidimensional vulnerability
profiles. Ward’s minimum variance method, with squared
Euclidean distance, was chosen for its ability to minimize
within-cluster variance and yield compact, interpretable
groupings. The agglomeration schedule was examined
to identify the point at which merging shifted from
combining similar specialties to forcing dissimilar ones
together. A distinct jump in coefficients occurred between
stage 10 (4.167) and stage 11 (5.204), indicating a natural
boundary. Accordingly, a rescaled distance cutoff of 5
was selected, balancing internal cohesion with external
separation. This threshold was corroborated visually in
the dendrogram ensuring clusters were both statistically
sound and professionally meaningful.

3. Results

3.1. Overview of exploratory scores across medical
specialties

Across the 27 medical specialties evaluated, the MALIKED
composite score—an index integrating seven conceptual
dimensions of potential susceptibility to AI-driven task
displacement—showed wide variation (Table 2). These
values should be interpreted not as exact measurements,
but as illustrative indices reflecting how genAI models
themselves “rate” the relative automability of different
specialties when prompted with structured evaluative
criteria.

Figure 3 presents the distribution of composite
MALIKED scores across specialties, color-coded into
heuristic risk bands (green = comparatively lower
displacement  susceptibility; red = comparatively
higher). The purpose of this classification is interpretive
visualization—to highlight natural clustering of specialties,
rather than to impose validated cutofts. Composite scores
ranged from approximately 11 (Psychiatry) to around 30
(Clinical Pathology). While these numerical differences
should not be over-interpreted, the relative spread suggests
distinct clusters of susceptibility across the medical
profession.

Mean composite scores ranged from 11.00 for Psychiatry,
indicating comparatively low automation susceptibility, to

Allergy and Immunology
Anesthesiology

Colon & Rectal Surgery
Dermatology
Emergency Medicine

Family Medicine

Internal Medicine

Medical Genetics and Genomics

Neurological Surgery
Neurology T
Nuclear Medicine
Obstetrics and Gynecology

Ophthalmology

Orthopedic Surgery

Otolaryngology — Head and Neck Surgery
Pathology — Anatomic

Pathology — Anatomic/Pathology — Clinical
Pathology - Clinical

Pediatrics

Physical Medicine and Rehabilitation

Plastic Surgery
Preventive Medicine
Psychiatry
Radiology

Surgery

Thoracic Surgery

Urology

0 7

14 21 28 35

Figure 3. Average MALIKED scores across 27 medical specialties, color-coded by artificial intelligence (AI)-risk category (green = no risk, yellow = low
risk, orange = moderate risk, red = high to extremely high risk). Scores integrate seven MALIKED dimensions to quantify susceptibility to displacement

by superintelligent AL

Abbreviation: MALIKED: Machine automat-ability, diagnostic Ambiguity, Legal/ethical complexity, Interpersonal intensity, Knowledge codifiability,

Evidence in data, Difficulty of procedures.
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Table 2. Risk scores for the seven MALIKED dimensions across 27 medical specialties

Specialty Task Procedural  Diagnostic Patient Data- Degree Ethical/legal

automation complexity = ambiguity interaction  centricity of being complexity

potential intensity standardizable

Mean score  Mean score Mean score Mean score  Mean score Mean score Mean score

outof 5.00 outof5.00 outof5.00 outof5.00 outof5.00 out of 5.00 out of 5.00
Allergy and Immunology 3.00 3.67 2.00 1.67 3.33 3.33 2.67
Anesthesiology 4.00 1.33 3.00 3.33 4.00 4.33 1.33
Colon and Rectal Surgery 2.33 0.00 2.33 2.67 3.00 3.00 1.33
Dermatology 4.00 2.67 2.67 2.00 3.67 3.67 2.67
Emergency Medicine 3.00 2.00 1.00 1.33 3.33 3.00 0.67
Family Medicine 2.33 4.00 1.00 0.00 2.67 2.33 2.00
Internal Medicine 2.67 3.67 1.00 1.33 3.33 3.00 2.00
Medical Genetics and Genomics 3.33 4.67 1.00 1.67 5.00 3.67 0.67
Neurological Surgery 1.33 0.00 2.00 2.67 3.00 2.33 0.33
Neurology 3.00 3.67 0.67 1.67 3.33 2.67 2.00
Nuclear Medicine 4.00 3.67 2.67 3.67 5.00 4.33 2.33
Obstetrics and Gynecology 2.33 1.00 2.00 1.00 3.00 3.00 0.67
Ophthalmology 3.67 1.00 2.67 2.00 3.67 4.00 2.33
Orthopedic Surgery 2.00 0.00 2.67 3.00 3.00 2.67 1.33
Otolaryngology-Head-and-Neck Surgery 2.33 0.33 2.33 2.00 3.00 3.00 1.33
Pathology-Anatomic 4.67 3.67 3.00 4.67 4.67 4.33 3.00
Pathology-Combined Anatomic/Clinical 5.00 4.00 3.00 4.67 5.00 4.67 3.00
Pathology-Clinical 5.00 4.33 333 4.67 5.00 5.00 3.00
Pediatrics 2.33 3.67 1.33 0.00 2.67 2.67 1.67
Physical Medicine and Rehabilitation 2.67 3.00 1.67 1.00 3.00 2.67 2.00
Plastic Surgery 2.00 0.00 2.67 1.33 2.67 2.67 1.33
Preventive Medicine 3.67 4.33 2.00 2.00 4.33 4.00 1.33
Psychiatry 1.67 4.67 0.00 0.00 2.00 1.67 1.00
Radiology 5.00 4.00 2.33 4.00 5.00 5.00 2.67
Surgery 2.00 0.00 2.33 2.67 2.33 2.67 1.00
Thoracic Surgery 2.00 0.00 2.33 3.00 3.00 2.67 0.67
Urology 2.33 1.00 2.33 2.00 3.00 3.00 1.33

Notes: Higher scores indicate greater theoretical susceptibility to displacement by artificial intelligence (AI). Values shown are the mean dimension
scores based on the evaluation from three generative AI models (ChatGPT-5, DeepSeek, and Gemini).

30.33 for Clinical Pathology, indicating high automation
susceptibility. High scores were also observed in Radiology
(28.00) and combined Anatomic/Clinical Pathology
(29.33), reflecting high machine automatability, strong
data-centricity, and high standardizability. In contrast,
specialties with low scores—such as Neurological Surgery
(11.67) and Psychiatry (11.00)—were characterized by
low procedural standardizability, high patient interaction
intensity, and lower automatability potential.

3.2. Internal consistency across Al models

Agreement among the three genAI models was consistently
strong (Table 3). ICCs indicated high consistency of

outputs across model architectures, particularly for
procedural complexity, patient interaction intensity,
and task automation potential. While ICCs do not
imply independent human-like reliability, they provide
reassurance that results were not idiosyncratic to any single
model. Instead, the observed patterns reflect convergent
responses across multiple leading systems.

3.3. Variation in MALIKED scores and component
domains across specialty groups

When specialties were grouped into four heuristic
clusters—operative/perioperative, —acute/comprehensive
care, diagnostic/laboratory, and cognitive/subspecialized—

Volume 3 Issue 2 (2026)

doi: 10.36922/AIH025340067


https://dx.doi.org/10.36922/AIH025340067

Artificial Intelligence in Health

Mapping Al risk in medical specialties

systematic differences in displacement susceptibility
emerged (Figure 4).

Operative and perioperative specialties consistently
showed lower automatability and higher dependence
on non-standardized manual skills. Diagnostic and
laboratory-data specialties clustered toward higher
automatability, standardizability, and data-centricity,
aligning with long-standing expectations in the
automation literature. Cognitive and subspecialized
medicine displayed heterogeneity, with some domains
emphasizing ambiguity and interpersonal interaction
(e.g., Psychiatry), while others balanced cognitive
reasoning with technical procedures (e.g., Neurology).
Acute and comprehensive care specialties fell within the
middle range, with rapid decision-making requirements
offset by partial standardization and moderate data
reliance.

3.4. Hierarchical clustering of medical specialties
based on genAl scoring

Hierarchical clustering grouped the 27 specialties into four
distinct clusters using Ward’s minimum variance method
and squared Euclidean distance (Figure 5). Cluster 1
included highly digitized, image-driven fields, such as
Pathology (Anatomic and Clinical), Radiology, and Nuclear
Medicine, reflecting strong alignment with automation
potential. Cluster 2 comprised primarily cognitive and
diagnostic disciplines, including Internal Medicine,
Neurology, Emergency Medicine, and Psychiatry, where
human judgment remains central. Cluster 3 included
Ophthalmology, Dermatology, and Anesthesiology,
specialties that are adopting Al-assisted diagnostic and
procedural technologies. Cluster 4 consisted of surgical
fields, such as general surgery, orthopedic surgery, and
urology, which rely heavily on manual dexterity and

Table 3. Inter-rater reliability of generative artificial intelligence scoring across seven dimensions for 27 medical specialties

Dimension ICC (single 95% CI ICC (average 95% CI F (df1, df2) p-value
measures) (lower-upper) measures) (lower-upper)
Task automation potential 0.886 0.798-0.942 0.959 0.922-0.980 24.305 (26, 52) <0.001
Procedural complexity 0.904 0.828-0.952 0.966 0.935-0.983 29.250 (26, 52) <0.001
Diagnostic ambiguity 0.713 0.536-0.845 0.882 0.776-0.942 8.462 (26, 52) <0.001
Patient interaction intensity 0.902 0.825-0.951 0.965 0.934-0.983 28.746 (26, 52) <0.001
Data-centricity 0.775 0.624-0.881 0.912 0.833-0.957 11.333 (26, 52) <0.001
Degree of being standardizable 0.702 0.521-0.838 0.876 0.765-0.939 8.066 (26, 52) <0.001
Ethical/legal complexity 0.706 0.526-0.840 0.878 0.769-0.940 8.209 (26, 52) <0.001

Abbreviations: CI: Confidence interval; ICC: Intraclass correlation coefficient.

95% CIfor each dimension

| Machine automabilit){ (task
automation potential)

| Difficulty of procedures
(procedural complexity)

| Ambiguity (diagnostic
ambiguity)

I Interpersonal intensity
(patient interaction intensity)

Evidence in data (data-
centricity)

I

! | Knowledge codifiability
(degree of being

High-complexity Acute & Diagnostic & Cognitive & sub- f
operative & comprehensive laboratory-data specialized standaraizable)
perioperative care specialties specialties medicine | . .
specialties Legal & ethical complexity

(ethical/legal complexity)

Medical specialties group

Figure 4. MALIKED domain scores across specialty groups. Mean scores (with 95% confidence intervals) for each of the seven MALIKED dimensions
are shown across four specialty clusters: high-complexity operative and perioperative, acute and comprehensive care, diagnostic and laboratory-data, and
cognitive and subspecialized medicine.

Abbreviation: MALIKED: Machine automat-ability, diagnostic Ambiguity, Legal/ethical complexity, Interpersonal intensity, Knowledge codifiability,
Evidence in data, Difficulty of procedures.
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Figure 5. Hierarchical dendrogram of medical specialties based on generative artificial intelligence (genAl) scoring using Ward’s minimum variance
method with squared Euclidean distance. The red dashed vertical line represents the rescaled distance cutoff of 5, separating the data into four distinct
clusters. Each color-coded block corresponds to a cluster, illustrating the natural grouping of specialties according to their AI vulnerability profiles as

assessed by three genAI models.

intraoperative decision-making, and are less vulnerable to
near-term automation.
4. Discussion

The present study, employing the ad hoc MALIKED
framework, charts the gradient of vulnerability to

displacement by superintelligent AI across 27 medical and
surgical specialties. Although it may seem intuitive that
Radiology and Pathology would emerge among the most
vulnerable, and Psychiatry among the least, these patterns
have, to our knowledge, not been systematically quantified
or rigorously compared across the full scope of medical
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specialties using a standardized, reproducible analytic
framework. By synthesizing seven defining domains—
automation potential, procedural complexity, diagnostic
ambiguity, intensity of patient interaction, data centrality,
codifiability of knowledge, and ethical/legal complexity—
the framework constructs a systematic taxonomy of risk.

The spectrum that emerged, ranging from Psychiatry’s
modest susceptibility (11.00) to Clinical Pathology’s
heightened exposure (30.33), is consistent with prior
expectations and long-standing debates regarding the
nature of medical practice itself. Early demonstrations in
algorithmic radiology,'**'** the pioneering strides of robotic
surgery,”*"32 and the steady evolution of digital pathology
presaged these divergences,'*’ though initially, their scope
appeared tentative.’®* In the present era, accelerated by
the unprecedented momentum of genAl, these disparities
have moved beyond theoretical speculation to manifest
as concrete and consequential forces, reshaping not only
the configuration of medical practice but also the very
competencies upon which the profession has historically
deﬁned itself.5,10,11,135,136

In this study, the highest MALIKED scores were
observed in the Pathology disciplines—anatomic, clinical,
and their combined variant—as well as in Radiology. This
finding aligns with over a decade of research identifying
these specialties as the most susceptible to early Al-driven
displacement.*>**”"'* The convergence of maximal machine
automation potential, complete data-centricity, and
high knowledge codifiability creates a setting in which
algorithmic replication is both technically feasible and
economically compelling. Histopathological slides, clinical
microbiology and immunology reports, and radiologic
images are inherently digital or readily digitized,
rendering them especially amenable to convolutional
neural networks and transformer-based architectures
that now achieve diagnostic accuracies comparable to
human experts.’?"*1* Much of the clinical laboratory
infrastructure is already automated, from complete blood
counts and chemistry panels to microbiologic cultures and
molecular diagnostics.'*>'*¢ Recent advances in machine
learning extend this trajectory, with models now detecting
subtle features in flow cytometry,'" classifying peripheral
blood smears,'® and even predicting laboratory test
utilization errors.'* These developments underline the
feared, accelerating encroachment of superintelligent Al
systems into traditionally secure domains of physician
expertise. 4130

Across medical specialties analyzed in this study, the
degree of vulnerability to displacement by superintelligent
AT reflects a spectrum—from domains where human
presence is indispensable to those where structured

workflows invite algorithmic substitution. At the lowest
end of this spectrum lie Psychiatry, Surgery, Pediatrics, and
Family Medicine. Psychiatry, with the lowest automation
potential and minimal standardizability, exemplifies a
discipline irreducibly anchored in conversation, context,
and cultural nuance.””"""* Digital tools and Al-powered
chatbots may assistin triage and monitoring, yet therapeutic
alliance, empathy, and embodied presence remain decisive
for outcomes.® Pediatrics shares this resilience: Trust-
building requires navigating the triangular relationship
of child, caregiver, and clinician, while developmental
adaptation and parental integration resist algorithmic
codification.'**'*> Family Medicine similarly defies across-
the-board automation."”*'” Its scope—spanning preventive
counseling, longitudinal care, and interpretive flexibility
in ambiguous presentations—remains more reliant on
relational capital than protocol-driven precision.'?

Moving upward along the gradient, specialties, such
as Neurology, Preventive Medicine, Otolaryngology,
and Physical Medicine and Rehabilitation occupy a
middle ground. Neurology illustrates the duality: While
Al excels in seizure detection,'” magnetic resonance
imaging interpretation,’**!*! and electroencephalogram
classification,'® bedside examination, synthesis across
time, and ethically sensitive counseling remain human
tasks. Preventive medicine reveals another paradox. Its
analytic infrastructure—risk stratification, population
surveillance, and enforcement of guidelines—can be
largely automated. Yet public health success hinges on
persuasion, coalition building, and political negotiation—
domains where machines falter.'®*%* If left unchecked,
automation here may hollow the specialty, stripping it of
technical functions and leaving practitioners responsible
only for the politically fraught. A deliberate redesign
of competencies—rewarding leadership, advocacy, and
ethical negotiation—could prevent this devaluation.
Physical Medicine and Rehabilitation presents a different
picture. While gait analysis and outcomes monitoring
are easily digitized, the essence of rehabilitation lies in
adaptation to human variability, motivational coaching,
and psychosocial advocacy.!*® The actionable imperative
here is to formalize competencies in narrative coaching and
adaptive manual skill as bulwarks against displacement.'®

Procedural specialties, such as urology, thoracic surgery,
general surgery, orthopedics, colorectal surgery, plastic
surgery, and neurosurgery showed lower susceptibility
because their identity is inseparable from dexterity,
adaptability, and intraoperative improvisation.'¢”'¢®
Urology highlights this balance: Al algorithms may
streamline urinalysis, imaging, and guideline-based
management, yet cystoscopy, fertility counseling, and
continence surgery require human discretion.'® Thoracic
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and general surgery underline the irreplaceability of
improvisation under physiologic instability, bleeding
control, and the surgeon’s ethical accountability for
life-or-death decisions.'”® Orthopedics offers a similar
lesson: Robotic planning augments but does not replace
the tactile wisdom of fracture reduction or deformity
correction.””’ Plastic Surgery epitomizes the limits of
automatability—esthetic judgment and microsurgical
artistry are fundamentally interpretive, not procedural.'”?
Obstetrics and Gynecology reflects a duality in which Al
readily interprets Pap smears and fetal monitoring, but
labor management, surgical emergencies, and ethical
counseling demand presence.'”* Neurosurgery stands at the
far end of resilience, where cortical shifts, intraoperative
bleeding, and skull-base reconstructions require an
improvisational artistry that machines cannot emulate.'”*
These domains highlight an urgent imperative: Surgical
training must prioritize judgment under uncertainty and
ethical accountability—the enduring competencies that
safeguard human relevance as technical precision becomes
increasingly shared with machines.'”>!7¢

Intermediate-vulnerability specialties, such as Internal
Medicine, Dermatology, Ophthalmology, Emergency
Medicine, Obstetrics and Gynecology, Anesthesiology,
and Allergy/Immunology illustrate the spectrum’s center.
Internal Medicine and Family Practice are increasingly
supported by Al copilots managing structured data streams,
yet remain indispensable for integrating multimorbidity,
reconciling quality-of-life trade-offs, and sustaining
longitudinal relationships.”*'”” Dermatology illustrates
the bifurcation between computer vision’s triumphs in skin
cancer detection and the irreplaceability of surgical artistry
and cosmetic ethics.””® Ophthalmology follows a similar
split: Autonomous tools now diagnose diabetic retinopathy,
yet microsurgical practice and neuro-ophthalmic reasoning
remain firmly human."”>'® Emergency Medicine highlights
a different kind of resilience: Al can augment triage and
early diagnostics, but crisis improvisation and high-
stakes procedures resist codification.”®! Anesthesiology
emerged in this study as more vulnerable than traditionally
assumed—a novel finding warranting deeper examination.
Increasing standardization of perioperative monitoring,
closed-loop anesthesia delivery systems, and robotic
assistance in procedural tasks have made portions of
anesthesiology highly codifiable and susceptible to
automation. Nonetheless, the specialty retains a secure
domain in managing airway emergencies, perioperative
medical complexity, and rapid, high-judgment decision-
making during unexpected deterioration—areas where
human oversight remains irreplaceable.!® Allergy and
Immunology likewise straddles automation: Testing
and guidelines are easily codified, but rare syndromes,

desensitization, and cultural negotiation require
interpretive agility."**'** For this cluster, the actionable
step is not merely “augmentation” but redefining training
curricula to prioritize human interpretive functions over
routine data synthesis, thus ensuring the competencies
boards reward remain aligned with what AI cannot replace.

At the highest end of susceptibility lie Radiology,
Nuclear Medicine, and Pathology. Radiology has long been
the emblematic candidate for automation: Standardized
lexicons, digitized images, and repetitive interpretive
tasks create near-perfect conditions for machine
dominance.'?*?®!%  Routine interpretation is already
shifting to algorithmic platforms, with humans retained
for edge cases and medicolegal oversight.'" Nuclear
Medicine’s vulnerability derives from its inherently
digital, protocol-driven workflows, with algorithms now
quantifying tumor metabolism, optimizing tracer dosing,
and assisting in oncology surveillance.'®” Pathology—both
clinical and anatomic—represents the extreme. Much of
laboratory medicine is already automated, while digital
pathology platforms now rival experts in visual pattern
recognition. Here, the actionable imperative is twofold:
First, to recast board competencies away from pattern
recognition and toward clinical integration, ambiguity
resolution, and ethical stewardship; second, to redefine
training pipelines so that these specialties evolve into
supervisory, consultative, and interpretive roles rather
than mere interpretive labor.

Thus, the spectrum from Psychiatry to Pathology
illustrates thelogic of Al displacement: Specialties grounded
in empathy, trust, and artistry remain the most resilient,
while those defined by standardized data, repetitive
workflows, and high codifiability stand most exposed.
The future does not promise uniform substitution, but a
reconfiguration in which physicians adapt as supervisors,
integrators, and custodians of domains where humanity
remains irreducible.

The Kruskal-Wallis test results confirmed that the
differences in MALIKED scores were statistically robust
across all seven dimensions, underscoring that the gradient
of vulnerability to superintelligent Al is not anecdotal but
systematic. Procedural complexity and data-centricity
emerged as the most discriminating axes, and their
significance extends beyond statistical separation. Specialties
with high procedural complexity cluster at the low end
of automation susceptibility, whereas data-dense, highly
codifiable disciplines cluster at the high end. This mirrors
the broader trajectory of automation in other knowledge
industries: Legal discovery and accounting—fields defined
by documents, rules, and standardizable workflows—have
alreadybeen heavily automated,'* while craft-like domains—
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though technologically augmented—remain resistant
to substitution. The ICCs add weight to the framework’s
validity, with excellent agreement for procedural complexity,
patient interaction, and automatability, and good agreement
for diagnostic ambiguity, standardizability, and ethical-
legal complexity. The particularly strong concordance for
procedural complexity suggests that even disparate Al
models recognize what practicing surgeons have always
known: That dexterity, adaptability, and improvisation at
the point of care create a barrier to displacement not easily
overcome by machines.

Theimplicationsare profound. A uniform “Al-readiness”
curriculum would be inadequate, because specialties do
not face equivalent risks. Instead, differentiated adaptation
strategies are necessary. In high-risk fields, such as
radiology, pathology, and nuclear medicine—where data-
centricity is maximal and knowledge codifiability high—
the human role is shifting from interpretation to oversight,
adjudication, and exception handling. Here, medical
knowledge must expand beyond mastery of diagnostic
content to include literacy in AI validation, algorithmic
bias, and integration of machine outputs into complex
clinical contexts." Systems-based practice becomes
equally central, requiring radiologists and pathologists
to oversee not just their immediate diagnostic domain
but the broader health system consequences of deploying
automated workflows.**'*

In surgical specialties, the principal defense against
automation lies not in technical precision but in judgment
under uncertainty. Evidence from crisis management shows
that intraoperative adaptability, salvage decision-making,
and bleeding control remain decisive for outcomes under
physiologic instability—domains where tactile intelligence
and human accountability are irreplaceable.'***!
Competency frameworks should therefore emphasize
explicit training and assessment in improvisation, crisis
response, and ethical accountability, ensuring that surgeons
remain indispensable even as robots handle routine steps.
Relational specialties—Psychiatry, Pediatrics, Family
Medicine—derive protection less from procedural
complexity than from trust, empathy, and cultural
negotiation. Psychotherapy research demonstrates that
the therapeutic alliance predicts outcomes as strongly as
treatment modality,'”> while continuity in Family Medicine
drives effective management of multimorbidity.”” These
specialties may need deliberate workforce expansion as
diagnostic fields contract, but such redistribution depends
on reimbursement models that reward relational care,
rather than leaving labor markets to adjust passively.

Intermediate-vulnerability specialties—including
Internal  Medicine, Dermatology, Ophthalmology,

Emergency Medicine, Anesthesiology, and Allergy and
Immunology—will require hybrid strategies. Their
workflows illustrate bifurcation: Algorithmic triage, image
analysis, and anesthetic monitoring are partially automated,
yet crisis improvisation, rare-case recognition, and ethical
discernment remain human. Here, practice-based learning
and systems-based practice are paramount. Clinicians
must continuously recalibrate scope, delegating routine
functions to algorithms while retaining accountability for
integration, ambiguity, and patient-centered trade-offs.
Boards can operationalize this by incorporating simulation
and Objective Structured Clinical Examination-based
assessments that explicitly test crisis response and
ambiguity management alongside technical proficiency.'**

At the regulatory level, the MALIKED framework
highlights asymmetric pressures with clear policy
relevance. Diagnostic specialties may contract unless they
expand into algorithmic stewardship, population-level data
governance, and validation of Al pipelines, while relational
specialties may require deliberate growth. Professionalism
will acquire new dimensions as physicians are held
accountable for supervising machines whose decisions
carry clinical consequences.”*> Practice-based learning will
become a career-long requirement as competencies evolve
alongside technology. Thus, the spectrum from Psychiatry
to Pathology functions not merely as a descriptive gradient
but as a prescriptive map. It identifies competencies—
empathy, improvisation, ethical accountability—that must
be codified, assessed, and reimbursed as deliberately as
procedural skills. The task is not to resist automation, but to
shape it: Positioning physicians as supervisors, integrators,
and moral custodians in an era where intelligence itself is
no longer uniquely human.

Finally, it is important to recognize that this study
has inherent limitations, which should inform a cautious
interpretation of the results. The MALIKED framework
reduces the complexity of clinical practice to seven
dimensions. Although grounded in a comprehensive
literature review, the initial step of defining these seven
dimensions involved an element of human judgment.
Alternative conceptual models might emphasize different
constructs, and this potential subjectivity should be
acknowledged. Methodologically, we did not validate
MALIKED scores against external benchmarks, such as
automation adoption rates, residency trends, or policy
signals, and deliberately refrained from estimating
unemployment probabilities. The framework, therefore,
offers an exposure taxonomy rather than a predictive
forecast. Contextual variability further constrains
interpretation: Risk profiles will shift with advances
in robotics, explainable AI, liability rules, and patient
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expectations. In addition, ABMS/ACGME-defined
competencies do not map neatly onto global health
systems. This pilot study also excluded certain specialties
and did not capture second-order ripple effects across
fields. These limitations underline that MALIKED is best
understood as a replicable exploratory protocol—intended
to catalyze structured debate and provide a foundation for
future empirical validation, not as a deterministic map of
medicine’s future.

5. Conclusion

This study demonstrated that superintelligent Al pressure
will not affect all medical specialties equally. Diagnostic
fields, such as Pathology and Radiology—whose workflows
are already highly digitized—appear most vulnerable,
whereas specialties marked by procedural complexity
or intensive human interaction (e.g., Neurosurgery,
Psychiatry) show relative resilience. However, no specialty is
entirely insulated: Even resilient fields contain automatable
sub-tasks, and emerging robotics and multimodal Al
may shift present boundaries. The MALIKED framework
provides a replicable, competency-based method for
systematically assessing these gradients of risk. By
anchoring analysis in board-defined competencies and
using genAl as a consistent evaluator, the framework offers
a structured foundation for anticipating workforce shifts.
The implications are clear. Education should reinforce the
uniquely human competencies—adaptability, judgment
under uncertainty, ethical accountability—that remain
difficult to automate. Certification bodies can recalibrate
competencies to emphasize oversight and integration,
while workforce and policy planning should prepare for
asymmetric impacts. Diagnostic fields may potentially be
redeployed into supervisory and data-governance roles,
while relational fields may require deliberate capacity
expansion. The MALIKED framework thus offers a
replicable, competency-based tool for systematically
assessing Al-driven displacement risk and guiding
structured workforce planning.
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Artificial Intelligence in Health

Mapping Al risk in medical specialties

Appendix 1
GenAlI prompt used

You are to score the risk of displacement of each medical
specialty by superintelligent Al

Follow these instructions exactly, without deviation. Do
not assume additional context beyond what is given.

1. Task

For each medical specialty provided, assign seven
dimension scores on a 0-5 scale according to the definitions
below. Then, apply reverse scoring to specific dimensions,
sum the adjusted values, and categorize the total risk.

2. Scoring Scale

0. = Not present or negligible in the specialty. 1 = Very
low.

= Low.

= Moderate.
= High.

= Very high.

R A

Dimension Definitions

. Risk-Increasing Dimensions (higher score increases
displacement risk; no reverse scoring)

1. Task Automatability - How easily the specialty’s
core tasks could be automated by AI within the next

10-15 years.
0. =No tasks automatable.
5. = Nearly all tasks can be automated.

2. Data-Centricity — Degree to which the specialty relies
on structured, digitized, and AI-compatible data.

0. = Almost no structured data.
5. = Highly dependent on structured datasets.

3. Standardizability - Extent to which workflows are uniform,
protocol-driven, and reproducible across contexts.

0. = Completely individualized.
= Fully standardized across cases.

B. Risk-Mitigation Dimensions (higher raw score lowers
displacement risk; reverse scoring required)

4. Procedural Complexity — Level of intricate, high-skill
manual execution required. 0 = No manual skill.

5. = Highly intricate multi-step manual procedures.

5. Diagnostic Ambiguity - Amount of uncertainty and
complexity in reaching a diagnosis requiring

nuanced human judgment.
0. = Fully objective, binary diagnoses.
5. = Highly ambiguous, multifactorial diagnoses.

6. PatientInteraction Intensity - Frequencyand centrality
of direct patient communication, counseling, and
trust-building.

0. = No patient interaction.
5. = Constant and critical patient engagement.

Ethical/Legal Complexity — Extent to which the
specialty involves high-stakes ethical or legal decision-
making.

0. = Minimal ethical/legal issues.

5. = Extremely high-stakes ethical/legal contexts.
4. Reverse Scoring

After assigning raw scores for all seven dimensions:

For Procedural Complexity, Diagnostic Ambiguity, Patient
Interaction Intensity, and Ethical/Legal Complexity,
calculate:

Adjusted Score = 5 — Raw Score

Replace the raw score with the adjusted score before
summing totals.

5. Total Risk Score

1. Keep Task Automatability, Data-Centricity, and
Standardizability scores unchanged.

2. Use adjusted scores for the other four dimensions.
3. Sum all seven adjusted scores. The range is 0-35.
6. Output Format

For each specialty, output in this exact table format:

\| Specialty | Task Automatability | Procedural Complexity
(raw) | Diagnostic Ambiguity (raw) | Patient Interaction
Intensity (raw) | Data-Centricity | Standardizability |
Ethical/Legal Complexity (raw) | Procedural Complexity
(adjusted) | Diagnostic Ambiguity (adjusted) | Patient
Interaction Intensity (adjusted) | Ethical/Legal Complexity
(adjusted) | Total Score | Risk Category |
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