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Abstract

Multimodal Artificial Intelligence (AI)
promises to transform biomedicine by integrat-
ing imaging, genomics, and clinical data for
superior decision-making. Yet, we contend
that the current pursuit of large-scale generalist
models is fundamentally misaligned with the
high-risk nature of biomedical applications.
This position paper argues that biomedical
NLP demands specialization, not generaliza-
tion, challenging the assumption that greater
model scale and generality inherently ensure
robustness in healthcare. We propose a theo-
retical framework built on three biomedical
axioms: error cost asymmetry, multimodal data
fragility, and interpretability–utility coupling,
alongside a formal proof of criticality in
biomedical AI, showing that generalist models
are intrinsically unsuited for medical tasks.
As a secondary contribution, we advance
a task-first design paradigm centered on
modular, specialized, and ethically grounded
AI architectures for biomedical use. Through
analysis and illustrative cases, we contrast
this approach with scale-centric strategies,
exposing risks such as bias amplification,
reduced interpretability, and exclusion of
rare or underrepresented populations. We
call for a realignment of research, funding,
and regulation toward specialization as the
sustainable path for meaningful and equitable
biomedical NLP, aiming to spark critical
discourse on what constitutes genuine progress
in machine learning for health.

1 Introduction

The convergence of genomics, medical imaging,
and electronic health records has produced vast
heterogeneous datasets. Multimodal AI systems
promise to personalize care by integrating these
diverse signals (Acosta et al., 2022), yet their clini-
cal translation remains hindered by overfitting, im-
balance, and interpretability limits (Zhang et al.,
2024). Large language models exacerbate risks

through hallucinations, plausible but false medi-
cal claims that can endanger patients (Kim et al.,
2025b; Shah, 2024). Even domain-tuned systems
like Med-PaLM achieve only moderate accuracy,
reflecting a gap between probabilistic modeling
and the rigor healthcare demands (Singhal et al.,
2023). Moreover, genomic datasets overrepresent
European ancestries, embedding biases that restrict
generalization and deepen inequities (Graim et al.,
2023). For rare diseases, data scarcity magni-
fies these gaps, while federated learning, though
promising, remains underused (Pati et al., 2022).

Three issues emerge: first, hallucination hazards
erode trust in generalist LLMs; second, multimodal
integration suffers from the “curse of dimension-
ality,” over-weighting abundant signals while ne-
glecting rare biomarkers (Acosta et al., 2022); third,
compute and funding priorities favor monolithic
model training over targeted, high-impact solutions
(Pati et al., 2022). Regulatory regimes reinforce
this by privileging large software-as-a-medical-
device (SaMD) systems and impeding modular in-
novation (FDA, 2025).

In biomedicine, errors carry asymmetric costs,
misdiagnoses can be fatal (Newman-Toker et al.,
2022; Hautz et al., 2025). High data heterogene-
ity and opacity further undermine clinician trust
(Ernisova, 2025; Chaddad et al., 2023). Mean-
while, resource concentration on mega-models di-
verts investment from federated or specialized ar-
chitectures with greater clinical yield (Liu and Tsai,
2024). Overcoming these barriers requires a shift
from scale-driven ambitions toward interpretability,
data equity, and efficient compute allocation. This
paper argues that specialized, modular AI archi-
tectures, not generalist mega-models, represent the
only viable path to safe and equitable biomedical
intelligence.

Building on the limitations outlined in current
biomedical AI practice, this paper presents a prin-
cipled argument that biomedical NLP demands
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specialization, not generalization and explains
why high-stakes healthcare environments neces-
sitate specialized AI systems. We ground our the-
sis in a formal theoretical framework that intro-
duces three biomedical axioms: error cost asym-
metry, multimodal data fragility, and interpretabil-
ity–utility coupling and provide a proof of criti-
cality via biomedical viability score, establishing
that generalist models are structurally incapable
of meeting biomedical demands. Unlike other do-
mains where generalization and scale may confer
performance gains, we show that these attributes
are not only insufficient but potentially hazardous
in biomedicine.

Building on this foundation, we also propose a
solution: task-first design paradigm, an approach
that emphasizes modularity, interpretability, and
ethical alignment tailoring model architectures to
the specific demands and constraints of individual
clinical tasks. In doing so, we directly challenge
the prevailing scale-centric orthodoxy, revealing
its misalignment with data realities, clinical work-
flows, and regulatory constraints. Through both
formal analysis and real-world illustrations, we
highlight the unintended consequences of mono-
lithic modeling. This paper’s contributions reframe
the conversation around biomedical AI from one
of maximal capacity to one of contextual appro-
priatenes, and advocate for a shift in research and
policy toward specialization as the only viable path
to clinical trust, safety, equity, transparency, and
fairness.

2 Background

Generalist AI models are advanced systems de-
signed to handle a wide range of tasks across
domains, unlike traditional narrow AI focused
on singular functions. They use large, diverse
datasets and foundational architectures to enable
cross-functional capabilities within a unified frame-
work (Gülen, 2025). Generalist Language Mod-
els (GLMs), like GPT-based systems, support di-
verse tasks, summarization, sentiment analysis,
etc., enhancing efficiency by consolidating mul-
tiple functions (Gülen, 2025). Similarly, Generalist
Conversational AI (CAI) systems manage multi-
turn dialogues, emotion detection, personalization,
and multilingual support, making them ideal for
broad human-AI interactions (Sezgin and Koca-
balli, 2025). Beyond language, these models en-
able causal reasoning and world modeling, allow-

ing for tasks like coding, multimodal perception,
and commonsense reasoning. They offer adaptabil-
ity and cost-effectiveness by reducing retraining
and domain-specific data needs, supporting scal-
able AI deployment (Bengio et al., 2024). Also,
researchers nowadays claim that the rapid growth
of AI in the biomedical field is linked to an ex-
plosion of low-quality biomedical research papers
(Suchak et al., 2025; Naddaf, 2025), sometimes
with large models making exaggerated claims.

Prominent generalist models such as ChatGPT
(OpenAI) (OpenAI et al., 2024), Claude (An-
thropic), Gemini (Team et al., 2024), Gemma
(Team et al., 2025) and PaLM (Anil et al.,
2023)(Google DeepMind), and Mistral (Jiang et al.,
2023) (Mistral AI) illustrate these capabilities
through high performance in multitask reasoning,
dialogue management, and multimodal understand-
ing (Nipu et al., 2024). Med-PaLM (Singhal et al.,
2023), a domain-specialized variant of generalist
LMs, extends this approach into healthcare, achiev-
ing expert-level performance on medical QA bench-
marks and offering potential for safe and scalable
biomedical applications. These systems exemplify
the trajectory of generalist AI toward broader cog-
nitive flexibility and domain transferability, posi-
tioning them as foundational tools across scientific,
industrial, and clinical domains.

Generalist AI models have been widely adopted
in non-medical sectors, replacing multiple task-
specific systems in areas like customer service,
content creation, and multilingual communication,
thanks to their scalability and contextual adaptabil-
ity. In healthcare, generalist medical AI (GMAI)
signifies a paradigm shift by integrating multi-
modal clinical data, imaging, genomics, and health
records, to perform tasks such as diagnosis, triage,
and treatment planning (Moor et al., 2023; Maha-
jan and Powell, 2025; Pesheva, 2023). Models like
BiomedGPT demonstrate this trend by combining
vision-language capabilities to manage complex
workflows with minimal supervision (Zhang et al.,
2024). GMAI promises to ease clinicians’ cogni-
tive load, enhance workflow continuity, and support
real-time decision-making (Moor et al., 2023; Ma-
hajan and Powell, 2025; Pesheva, 2023). However,
challenges like data fragility, limited interpretabil-
ity, and regulatory gaps remain (Moor et al., 2023;
Pesheva, 2023). Still, GMAI is poised to unify di-
agnostic reasoning and reduce inefficiencies across
medical systems.
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2.1 Existing Discussions on AI in Healthcare
As AI becomes increasingly integrated into health-
care, its expanding role in diagnostics, triage,
and decision-making demands rigorous oversight.
However, many AI tools are deployed prematurely,
before thorough validation or clinical integration.
Here, we outline key concerns associated with this
rapid adoption:

Explainability and Clinical Trust. Explainabil-
ity is a central concern in clinical AI integration,
not just for regulatory compliance but as a founda-
tion for clinical trust. Even high-performing black-
box models are rarely adopted without some level
of interpretability. This is especially crucial for
tasks like cancer staging, treatment planning, or
risk scoring. Without transparency, AI outputs can
conflict with clinician judgment, leading to either
blind reliance or rejection (Zhang et al., 2025). Al-
though interpretability methods, such as saliency
maps, attention mechanisms, and counterfactuals,
have advanced, many remain hard to validate or
implement in clinical workflows (Lu et al., 2023).

Opportunity Cost of Scale. The scale-first AI
paradigm often sidelines equity. Global invest-
ment in large generalist models diverts attention
and resources from high-need areas like rare dis-
ease diagnostics, which impact 260–440 million
people worldwide (Roy et al., 2023). Over 95% of
these diseases lack FDA-approved treatments, with
families facing severe financial and emotional bur-
dens from delayed or missed diagnoses (Kostetska,
2024). Yet, targeted, interpretable models, such as
early detectors for Batten disease, remain under-
funded (Acosta et al., 2022; Chung et al., 2023).

2.2 Known Challenges of Deploying Large
Models in Biomedical Settings

LLMs and multimodal generalist systems, while
impressive in linguistic fluency, face critical lim-
itations in clinical reliability. But, there are also
several key issues that can be harmful, such as:

Hallucination Hazards and Clinical Risk. A
persistent issue is hallucination, where models gen-
erate factually incorrect yet syntactically fluent out-
puts (Simon et al., 2024). Even domain-adapted
models like MedPaLM or PubMedGPT reach only
moderate accuracy on medical benchmarks (ap-
proximately 60–70%) (Wang et al., 2024; Lu et al.,
2023), highlighting the discrepancy between prob-
abilistic reasoning and the deterministic accuracy

required in medicine (Acosta et al., 2022). Such
outputs can propagate spurious correlations, such
as falsely linking chaplain visits to mortality (Ab-
grall et al., 2024), and parallel hallucination issues
found in other high-stakes domains like finance (Lu
et al., 2023). These failures erode clinician trust
and challenge regulatory requirements for trans-
parency and accountability (Zhang et al., 2025).

Multimodal AI and the Curse of Dimensional-
ity. Multimodal LLMs, designed to integrate data
across EHRs, genomics, and imaging, often suf-
fer from signal conflict and modality dominance.
Structured data may overpower signals from rare
biomarkers (Simon et al., 2024), exacerbating the
curse of dimensionality: as feature space grows, so
does noise, overfitting, and the difficulty of gener-
alizing, particularly in rare disease scenarios with
limited data (Danielsson, 2024; Roy et al., 2023).
Additionally, pooling data across diverse popula-
tions risks flattening important contextual nuances,
such as environmental, demographic, or cultural
disease patterns, especially in low-resource or un-
derrepresented settings (Kostetska, 2024). These
blind spots not only impair clinical accuracy but
also reinforce global health inequities.

Equity Paradox of One-Size-Fits-All AI. A key
issue in biomedical AI is the emergence of la-
tent shortcuts during training. Vision models,
for instance, may learn spurious correlations, like
scanner artifacts or metadata linked to disease la-
bels, without capturing true pathology (Abgrall
et al., 2024). These flaws often remain unde-
tected until real-world deployment. At the same
time, generalist models trained on demographi-
cally skewed datasets (e.g., overrepresentation of
European-descent patients) generalize poorly to
underrepresented groups, undermining clinical per-
formance across ethnicities and regions (Roy et al.,
2023). This creates an equity paradox: marginal-
ized populations are doubly excluded, both from
model training and from access to accurate AI-
driven care. In contrast, demographically localized
models (e.g., Sub-Saharan sickle cell predictors)
show improved fairness and robustness (Roy et al.,
2023).

3 Formal Framework

Building upon the discussions in Sections 1 and
2 regarding regulatory challenges, explainability,
and deployment risks, we now present a formal
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Figure 1: From Current Challenges to a Formal Framework and Proof of Criticality in Biomedical NLP.

framework that captures the unique demands of
biomedical NLP.

3.1 Formalizing Biomedical AI Criticality

The following theoretical framework explains why
biomedical contexts uniquely require specializa-
tion rather than generalization, even though similar
principles may apply in other fields. This rationale
is based on three axioms grounded in biomedical
realities, which are formalized using mathematical
inequalities and logical deductions.

3.1.1 Axiom 1: Asymmetric Cost of Errors

In biomedical applications, the cost of errors,
whether false positives or false negatives, is sub-
stantially higher than in non-critical domains such
as entertainment or casual recommendations. Let
us define Cerror as the cost associated with a single
error, for example, a misdiagnosis or an incorrect
identification of a drug target. The performance of
an AI model is denoted by P , which can represent
metrics like accuracy or sensitivity.

Consider a generalist AI model designed to han-
dle T distinct biomedical tasks simultaneously. The
total risk Rgeneral of such a system can be approx-
imated by the product of the number of tasks,
the probability of error for the generalist model

(1− Pgeneral), and the cost of each error Cerror, for-
mally expressed as:

Rgeneral = T · (1− Pgeneral) · Cerror. (1)

In contrast, a specialized AI model focused on a
single task (T = 1) incurs a risk given by:

Rspecial = (1− Pspecial) · Cerror. (2)

The critical insight arises when considering the
magnitude of Cerror in biomedical contexts. Be-
cause errors can lead to severe consequences such
as patient harm or death, Cerror effectively ap-
proaches very large values. For this, the ratio of
risks between generalist and specialist models be-
comes:

lim
Cerror→∞

Rgeneral

Rspecial
= T · (1− Pgeneral)

(1− Pspecial)
. (3)

Given that specialized models typically achieve
higher performance for their targeted task
(Pspecial > Pgeneral) and that the number of tasks
T handled by the generalist model is at least one,
this ratio increases without bound. This formally
demonstrates that as the cost of error grows, gener-
alist models amplify the total risk of adverse out-
comes in biomedical applications. Because the cost
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of errors in healthcare is so critical, relying on gen-
eralist AI models that handle multiple tasks simul-
taneously multiplies the risk of serious mistakes.
This underlines the imperative for specialized AI
systems that focus on individual biomedical tasks
to minimize potential harm.

3.1.2 Axiom 2: Data Scarcity and
Heterogeneity

Biomedical data is characterized by two fundamen-
tal challenges: scarcity and heterogeneity. First,
data samples are often sparse, especially for rare
diseases, underrepresented populations, and emerg-
ing therapies, where the number of available exam-
ples N is limited. Second, biomedical datasets are
inherently heterogeneous, consisting of multiple
data modalities such as genomics, medical imag-
ing, and electronic health records (EHRs), which
frequently contain conflicting or non-aligned sig-
nals.

To formalize this, let us denote σ2 as the vari-
ance within the data distribution, capturing hetero-
geneity. For a generalist AI model that aims to
perform T different tasks, the overall data variance
is the sum of the variances for each task plus the
covariance terms between task pairs:

σ2
general =

T∑

i=1

σ2
i +

∑

i̸=j

Cov(i, j) (4)

In contrast, specialized models that focus ex-
clusively on a single task (T = 1) experience a
reduced variance equal to that of the single task’s
data distribution: σ2

special = σ2
1.

Crucially, in biomedical domains, covariance
terms between tasks Cov(i, j) can often be nega-
tive. For example, certain genetic markers associ-
ated with Alzheimer’s disease may anti-correlate
with markers linked to cancer. Such negative co-
variance leads to destructive interference when
training generalist models across heterogeneous
tasks, effectively amplifying noise and degrading
model performance. This phenomenon can be ex-
pressed as:

σ2
general ≫ σ2

special ⇒ Pgeneral ≪ Pspecial (5)

where P denotes model performance.
This noise amplification is particularly detrimen-

tal when the dataset size N is small, a common
scenario in biomedical research due to rarity and
difficulty of data collection. Consequently, gen-
eralist models trained across diverse, conflicting

biomedical data face increased variance and re-
duced accuracy, whereas specialized models, by
focusing on narrower, more homogeneous data,
can achieve better and more reliable performance.

3.1.3 Axiom 3: Interpretability-Utility
Coupling

In clinical practice, the interpretability of AI mod-
els is a crucial requirement for gaining clinician
trust and ensuring that AI outputs can be safely and
effectively acted upon. We denote interpretability
by I , which intuitively decreases as model com-
plexity M increases and as the breadth of tasks T
the model attempts to address grows. This relation-
ship can be approximated as:

I ∝ 1

M · T (6)

meaning that interpretability inversely scales with
both the complexity of the model and the number
of tasks it handles.

For a generalist model designed to perform
T tasks, interpretability can be formalized as:
Igeneral = k

Mgeneral·T , where k is a proportional-
ity constant. In contrast, a specialized model fo-
cused on a single task will have interpretability:
Ispecial =

k
Mspecial

, with a reduced complexity due to
its narrower scope.

Critical need for interpretability in biomedical
workflows stems from regulatory and safety thresh-
olds, often defined as a minimum interpretabil-
ity level Imin for clinical use. Generalist models
face an inherent trade-off: achieving broad task
performance P typically requires higher complex-
ity Mgeneral, which reduces interpretability Igeneral.
Constraining complexity to improve Igeneral then
degrades P . This tension means generalist models
often end up either too complex to trust or too sim-
ple to be useful. In contrast, specialized models,
focused on narrow tasks, can strike a better balance
between I and P , aligning more effectively with
biomedical AI requirements.

3.2 Connecting The Dots...
Building on the previously established axioms,
we now synthesize these insights into a unified
framework that mathematically characterizes why
biomedicine fundamentally demands specialized
AI models over generalist ones.

3.2.1 The Axes of Biomedical Uniqueness
This framework highlights three key axes: the
asymmetry in error costs, the statistical nature of
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biomedical data, and the imperative for human
interpretability. Together, they delineate a con-
strained phase space where generalist models be-
come not only impractical but theoretically unten-
able.

Error Cost Asymmetry. In many commercial
or non-critical domains, the cost associated with
an erroneous prediction, denoted Cerror, is close to
zero or at least tolerable. However, in biomedicine,
this cost approaches a practical infinity since errors
can cause irreversible harm, loss of life, or systemic
failure. This asymmetry implies that any AI system
must drive the probability of error to near zero to be
clinically safe. Generalist models, which attempt
to address multiple tasks simultaneously (T > 1),
inherently magnify risk as each task presents an
independent potential failure point. Conversely,
specialists optimize for individual tasks, enabling
Pspecial, the predictive accuracy on that task, to ap-
proach unity, thus reducing the risk to clinically
acceptable levels.

Statistical Constraints from Data Physics. Gen-
eralization relies on large sample sizes N → ∞
and low variance σ2 → 0 to achieve stable, ro-
bust learning. In domains such as social media
or e-commerce, these conditions are often met.
By contrast, biomedical data is intrinsically sparse
(N ≪ ∞) and heterogeneous (σ2 ≫ 0), with
multimodal inputs and conflicting signals. The co-
variance terms between different biomedical tasks
can be negative, causing destructive interference
that inflates the effective variance during gener-
alist training. This noise amplification results in
degraded generalist performance Pgeneral, particu-
larly for rare diseases or marginalized populations.
Specialized models, by isolating single tasks, re-
duce variance and achieve higher predictive power,
which is critical given limited data.

Human-in-the-Loop Imperative. Clinical
decision-making is inseparable from human
oversight and demands interpretability I of AI
outputs. Interpretability is inversely proportional
to model complexity M and task breadth T ,
which are inherently higher in generalist models.
Consequently, Igeneral ≪ Ispecial. Clinicians and
regulators require a minimum interpretability
threshold Imin for trust and compliance. Generalist
models must either increase complexity to
maintain predictive performance, further eroding
interpretability, or cap complexity and sacrifice

performance. Specialized models balance these
demands by providing sufficiently interpretable
outputs aligned with clinical workflows.

3.2.2 Proof of Criticality via Biomedical
Viability Score

We formalize these insights by defining a Biomedi-
cal Viability Score S, which quantifies clinical util-
ity as a trade-off between predictive performance
P , interpretability I , and risk R:

S =
P · I
R

(7)

where risk R is modeled as the expected harm from
errors, proportional to the product of error cost
Cerror and the probability of error 1− P .

For a generalist model handling T tasks, risk
scales with both T and the error cost:

Sgeneral =
Pgeneral · Igeneral

T · (1− Pgeneral) · Cerror
(8)

For a specialist model focused on a single task,
the risk is limited to that task’s error:

Sspecial =
Pspecial · Ispecial

(1− Pspecial) · Cerror
(9)

Given biomedicine’s criticality, as Cerror →
∞, the generalist score Sgeneral asymptotically ap-
proaches zero, since the multiplicative factor T ex-
acerbates risk and the model cannot simultaneously
maintain both high performance and interpretabil-
ity across many tasks.

In contrast, specialized models are able to push
performance Pspecial → 1 on individual tasks, keep-
ing the denominator small enough that the score
remains finite and meaningful even as error costs
skyrocket. Formally, we can denote it as:

lim
Cerror→∞

Sspecial ≫ Sgeneral = 0 (10)

This inequality shows that in biomedical settings,
marked by high-risk decisions, limited and con-
flicting data, and the need for interpretability-only
specialized AI systems can meet clinical demands.
Healthcare creates a phase space where general
purpose models fail. While generalist AI may work
in low-risk, data-rich fields, medicine requires pre-
cision, context-awareness, and human involvement.
Thus, specialization isn’t just better, it’s essential.
This reframes AI design in healthcare: success
depends less on scaling up and more on aligning
models with the domain’s constraints and regula-
tions.
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Figure 2: Conceptual relationship between Predictive
Performance (P), Interpretability (I), and Biomedical
Viability Score (S), emphasizing their joint role in eval-
uating the practical utility of AI models in healthcare.

Figure 3: Conceptual Relationship Between Predictive
Performance (P), Risk (R), and Biomedical Viability
Score (S), Emphasizing Their Joint Role in Assessing
the Practical Utility of AI Models in Healthcare.

4 Solution: Building the Task-First
Ecosystem

In light of biomedicine’s unique demands: high
error costs, scarce and heterogeneous data, and
the necessity of human oversight, we propose
Task-First Ecosystem as a principled alternative
to scale-driven generalist models. In this ecosys-
tem, we center our approach on the belief that each
AI component should be purpose-built around a
narrowly defined clinical task, rather than adapted
from broad, multipurpose architectures.

At first, we address Error Cost Asymmetry in
healthcare, where a single misprediction can have
catastrophic consequences. To mitigate this, we
decompose clinical workflows into discrete mod-

ules, each dedicated to a single clinical objec-
tive, whether it’s tumor margin detection or sepsis
risk scoring. This modularity contains the scope
of potential errors and simplifies failure analysis.
Second, we recognize the Statistical Constraints
from Data Physics. Biomedical datasets are of-
ten small, multimodal, and noisy, with conflict-
ing signals that challenge generalist training. By
curating task-specific data subsets and designing
tailored model architectures, such as lightweight
transformers for genomic variant calling or com-
pact CNNs for echocardiography, we minimize
variance and destructive covariance, enabling more
robust and reliable predictions. Third, we em-
brace the Human-in-the-Loop Imperative, which
demands transparent and interpretable AI outputs.
Our Task-First components incorporate built-in ex-
planation layers, feature-attribution maps, counter-
factual generators, and uncertainty quantification,
to ensure that each recommendation is audit-ready
for clinicians. This principle not only supports reg-
ulatory compliance but also builds clinician trust
and facilitates real-world adoption.

Core Principles of the Ecosystem. Connecting
the discussions above, we shape our Task-First
Ecosystem around foundational principles that
align AI development with clinical needs, ensur-
ing each module is purpose-built, transparent, and
rigorously validated. These are:

1. Task Primacy: Model objectives, training data,
and evaluation metrics are defined by specific
clinical tasks, e.g., diabetic retinopathy grad-
ing, rather than general performance bench-
marks. This focus drives efficiency and re-
duces off-target behaviors.

2. Interpretability by Design: We embed inter-
pretability directly into the model architecture,
using techniques such as feature attribution,
saliency mapping, and uncertainty quantifi-
cation. This ensures every prediction can be
meaningfully audited by clinicians, fostering
trust and accountability.

3. Modular Specialization: Each AI module is
an isolated pipeline optimized for a single re-
sponsibility: imaging analysis, genomic risk
scoring, or text-based triage. Modules com-
municate via standardized APIs, allowing for
independent validation and updates without
system-wide retraining.
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Figure 4: Task-First Ecosystem: Bridging Foundational Principles and Practical Problems.

4. Iterative Clinician Feedback: Continuous
co-development with domain experts ensures
that model outputs align with clinical heuris-
tics and workflows. Real-time feedback loops
correct emergent biases and refine decision
boundaries over deployment.

5. Ethical and Equity-Centered De-
sign: Task-First solutions incorporate
demographic-aware training protocols, fed-
erated learning across diverse sites, and bias
audits, ensuring that underserved populations
are not left behind.

Our Task-First Ecosystem grounds AI devel-
opment in explicit clinical use-cases, addressing
biomedical uniqueness through modular risk de-
composition, data-aware model design, and built-
in interpretability. These principles shift AI from
general novelty to reliable clinical partner. This
demands a reevaluation of research, regulatory,
and funding priorities, favoring modular valida-
tion, task-aligned benchmarks, and open module
repositories over raw parameter counts. Such a
shift builds an AI ecosystem aligned not just with
metrics, but with medicine’s core mission: do no
harm.

5 Discussion

Biomedical NLP exhibits a clear performance and
safety advantage when designed as specialized,
task-centric systems rather than as broad, gener-
alist models. Our theoretical framework, grounded

in error cost asymmetry, statistical data physics,
and human-in-the-loop imperatives, finds strong
empirical support in diverse case studies.

For instance, the CNS-CLIP model, trained ex-
clusively on neurosurgical figure–caption pairs,
achieved a 48.84% Top-5 retrieval accuracy versus
18.03% for generalist CLIP and reduced intraop-
erative delays by 63%. This 2.7× improvement
exemplifies how limiting model scope to a sin-
gle clinical niche mitigates catastrophic missteps,
directly addressing the astronomical error costs
in neurosurgical decision-making (Alyakin et al.,
2024). We can also illustrate Error Cost Asymme-
try further by Meerkat-7B, a 7B-parameter model
tailored for USMLE-style reasoning. Despite its
modest size, it outperformed GPT-3.5 by 12% on
licensing exams and matched human student per-
formance (Kim et al., 2025a). By optimizing ex-
plicitly for diagnostic case challenges, Meerkat-7B
demonstrates that a focused architecture can drive
Pspecial → 1 on a critical task, thereby lowering
the overall risk R in the clinical viability score
(Kim et al., 2025a). In contrast, larger general-
ist LLMs suffer from residual error probabilities
across a broad task spectrum, multiplying potential
harm. Under the Statistical Constraints from Data
Physics axis, specialized models consistently out-
perform their generalist peers. The scELMo frame-
work leveraged a biologically informed tokeniza-
tion strategy to achieve 89% accuracy in annotating
rare immune cell subtypes, 7% higher than scGPT,
while reducing batch effect variance by 34% (Liu
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et al., 2023). Similarly, PathCLIP’s histopathology-
specific training yielded a 23% accuracy gain over
OpenAI-CLIP on corrupted osteosarcoma images
(Zheng et al., 2024). These gains underscore the
benefits of isolating low-variance, task-relevant
feature spaces, thereby avoiding the noise ampli-
fication endemic to multimodal generalist train-
ing. Human-in-the-Loop Imperative demands inter-
pretability and rapid feedback, which specialized
modules readily provide. BiomedGPT’s radiology
assistant, co-developed with practicing clinicians,
reduced report error rates to 3.8% compared with
6.9% for generic vision-language models (Zhang
et al., 2024). Its integrated saliency maps and struc-
tured report annotations enabled radiologists to au-
dit AI suggestions in real time, fostering trust and
clinical adoption. Equally, fine-tuned BERT mod-
els for sepsis triage achieved a 28% higher F1 score
than GPT-4 and cut ICU mortality by 19% through
faster, transparent text-based alerts (Artsi et al.,
2025). Moreover, targeted generative and predic-
tive networks like scDCA and GenePT highlight
the feasibility of few-shot adaptation in oncology
and rare disease genomics. scDCA improved drug
response AUC by 31% with under 1% parameter
updates (Liu et al., 2023; Maleki et al., 2025), while
GenePT quadrupled precision in ultra-rare vari-
ant diagnosis relative to GPT-4 (Liu et al., 2023).
These examples confirm that modular adaptation
on small, curated datasets can yield a high P × I
product in the biomedical viability score, even as
Cerror remains effectively unbounded.

Collectively, these case studies validate our po-
sition: Biomedical NLP Demands Specialization,
Not Generalization. By decomposing complex
workflows into task-specific modules, we contain
error propagation, respect statistical limitations,
and uphold clinician trust. The proposed Task-First
Ecosystem operationalizes this vision, prioritizing
narrow objectives, dedicated data pipelines, and
built-in interpretability to deliver safer, more effec-
tive, and equitably accessible AI tools.

6 Conclusion

In this paper, we have argued that biomedical NLP
demands specialization, not generalization, bridg-
ing theoretical advances with the practical demands
of clinical care. Our formal framework provides
a theoretical justification for why biomedical con-
texts uniquely require specialization, using mathe-
matical inequalities and logical reasoning grounded

in clinical realities based on thre axioms. Build-
ing on this, our task-first paradigm demonstrates
how principled design can foster AI systems that
are not only robust but also context-sensitive and
clinically accountable. Through a structured align-
ment of five core principles, task primacy, inter-
pretability by design, modular specialization, it-
erative clinician feedback, and ethical equity, we
addressed fundamental shortcomings in generalist
systems, such as hallucination, signal conflict, and
equity blind spots. These contributions challenge
scale-centric narratives and highlight the urgency
of tailored, trustworthy solutions. The broader im-
plications extend to policy, system design, and pa-
tient safety, underscoring the moral and societal
stakes of biomedical AI. We urge the community
to reimagine current practices and adopt a principle-
aligned approach. Only by grounding innovation in
purpose can biomedical AI truly fulfill its promise
to transform healthcare equitably and responsibly.

Limitations

As a position paper, our focus is on conceptual
and theoretical arguments rather than exhaustive
empirical validation, which is intentional to high-
light foundational principles. While the proposed
axioms and task-first framework guide biomedical
AI design, full generalization across all medical
domains and workflows requires future work. This
scope aligns with the paper’s aim to provoke critical
discussion rather than provide complete implemen-
tation.
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A Preliminaries

In recent years, the convergence of high-throughput
genomics, advanced medical imaging, and compre-
hensive electronic health records has generated un-
precedented volumes of heterogeneous biomedical
data. Multimodal AI systems, capable of jointly
processing imaging, clinical, and molecular inputs
promise to unravel complex disease mechanisms
and personalize patient care by capturing nuanced
interdependencies across data types (Acosta et al.,
2022). Clinical deployments of multimodal archi-
tectures have demonstrated improved performance
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over single-modality counterparts, particularly in
oncology and critical care settings where timely,
data-driven insights can be lifesaving (Acosta et al.,
2022; Zhang et al., 2024). Yet, the high dimension-
ality inherent to combining genomics, radiomics,
and electronic health record features introduces
statistical and computational challenges: overfit-
ting, imbalance, and interpretability bottlenecks,
that impede broad clinical translation (Acosta et al.,
2022). Compounding these technical hurdles, large
language models (LLMs) applied to clinical text
exhibit a propensity for “hallucinations,” gener-
ating plausible but erroneous medical statements
that can mislead practitioners and compromise
patient safety (Kim et al., 2025b; Shah, 2024).
Even specialty-tuned systems such as Med-PaLM
achieve only 67.6% accuracy on USMLE-style
questions, underscoring a critical mismatch be-
tween probabilistic language modeling and the de-
terministic rigor required in healthcare (Singhal
et al., 2023). Furthermore, gold-standard genomic
datasets disproportionately represent European an-
cestries, embedding biases that limit generalizabil-
ity and exacerbate health disparities in underrepre-
sented populations (Graim et al., 2023). For rare
diseases, affecting hundreds of millions globally
but each individually low-prevalence, data scarcity
magnifies these gaps, as conventional centralized
training paradigms struggle to learn from few-shot,
sensitive patient records (Chen et al., 2024). Fed-
erated learning emerges as a potential remedy, en-
abling multi-institutional collaboration without raw
data exchange, yet its application remains nascent
in rare disease contexts (Pati et al., 2022). Together,
these factors reveal a critical tension: while scale
and generalist ambitions drive massive compute
investments, clinical value hinges on task-specific
precision and transparency.

Despite its promise, existing literature reveals
three interrelated gaps. First, hallucination hazards
in generalist LLMs undermine trust and pose unac-
ceptable risks in clinical contexts; models trained
on broad web-scale corpora lack the deterministic
guarantees needed for medical decision-making
(Kim et al., 2025b; Singhal et al., 2023). Sec-
ond, the curse of dimensionality in multimodal
integration leads to overfitting on abundant modali-
ties (e.g., imaging) while overlooking critical but
sparse signals (e.g., rare biomarkers), reinforcing
the “tyranny of the majority” and exacerbating
disparities (Acosta et al., 2022). Third, resource
misallocation prioritizes monolithic model train-

ing, costing tens of millions, over targeted solu-
tions for marginalized groups, diverting resources
from federated or specialized efforts crucial for
rare disease diagnosis and equitable care (Pati
et al., 2022). Regulatory frameworks still favor
large software-as-a-medical-device (SaMD) mod-
els, lacking agile pathways for certifying narrow-
purpose modules (FDA, 2025). This inhibits modu-
lar innovation and penalizes fine-tuned task models
despite their potential clinical value. To address
these issues, biomedical AI must pivot from scale-
first ambitions toward methodologies that center
interpretability, data equity, and strategic compute
use.

In biomedicine, error costs are asymmetric, with
misdiagnoses and therapeutic missteps risking pa-
tient harm and even loss of life (Newman-Toker
et al., 2022; Hautz et al., 2025; Karla Jo Helms,
2022). Domain-specific constraints, such as, data
sparsity, high heterogeneity, and negative covari-
ance among modalities exacerbate model fragility,
while clinicians require transparent reasoning to
trust AI outputs (Ernisova, 2025; Karla Jo Helms,
2022; Chaddad et al., 2023). Complexity and
breadth erode interpretability below regulatory
thresholds, rendering generalist predictions clin-
ically unusable (Hautz et al., 2025; Liu and Tsai,
2024). Real-world consequences accentuate this
crisis: catastrophic healthcare costs in rare dis-
ease populations and exacerbated disparities in
underrepresented cohorts. Meanwhile, compute
budgets directed toward mega-model training di-
vert resources from federated learning networks
and specialized AI pipelines with higher clinical
yield (Liu and Tsai, 2024; Ernisova, 2025). Regula-
tory inertia compounds risk by favoring monolithic
SaMD offerings and delaying approval of mod-
ular solutions with proven utility (Acosta et al.,
2022; Ernisova, 2025). Addressing these chal-
lenges requires new frameworks that foreground
interpretability, enforce data parity, and optimize
strategic compute allocation for high-impact tasks.
This position paper thus calls for a rigorous re-
assessment of scale-centric mindsets and the adop-
tion of specialized, modular architectures as the
only viable path toward safe, effective, and equi-
table biomedical AI.
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