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Abstract Abstract 
For most of biomedical history, drug discovery has been organized around populations: diseases defined through shared 
symptoms, therapeutics evaluated in statistical cohorts, approval granted for averaged responses. The paradigm produced 
extraordinary successes. It also embedded a foundational assumption now under pressure from several independent directions 
at once. AI-native drug discovery, multi-scale digital twins, pharmacogenomics, patient-derived organoids, adaptive trial 
design, closed-loop biosensing, decentralized science — these are not isolated innovations. They are convergent expressions 
of a single directional tendency: the progressive migration of therapeutic authority from population-scale structures toward 
the individual. This is the biomedical expression of a broader civilizational vector, in which the organizing unit of decision-
making resolves continuously toward smaller, more personalized scales. Twelve convergent indicators of this transition are 
introduced, along with a fifty-year roadmap projecting five successive phases of drug discovery, from AI-assisted precision 
medicine through full therapeutic sovereignty. The Asymmetric Epistemic Burden (AEB) model formalizes the growing 
divergence between AI-accelerated hypothesis generation and the bottlenecked experimental and regulatory validation that 
now constitutes the primary constraint on progress. The defining transformation of twenty-first century medicine may not 
be the discovery of a better drug class. It may be the conceptual and institutional replacement of the average patient as the 
fundamental unit of therapeutic reasoning — and the emergence of a pharmacotherapy organized not around populations, but 
around continuously modeled, computationally instantiated, biologically sovereign individuals.

Keywords: precision medicine, AI drug discovery, digital twins, therapeutic sovereignty, N-of-1 therapeutics, personalized 
pharmacotherapy, asymmetric epistemic burden, closed-loop therapeutics, decentralized science, pharmacogenomics

Introduction Introduction 
1. The End of the Average Patient
The concept of the ‘average patient’ has been the organizing fiction of modern pharma-
cotherapy. From trial design to dosing guidelines, from disease categorization to drug ap-
proval, medicine has systematically assumed that interventions optimized for populations 
would produce acceptable outcomes for the individuals within them. The assumption was 
not unreasonable. For much of the twentieth century it was not merely defensible but 
necessary: the tools for characterizing individual biological variation did not exist, and 
population-level reasoning was the only epistemically tractable approach.
That constraint is dissolving. The simultaneous maturation of genomics, computational 
biology, AI, and digital sensing is making individual-level characterization increasingly 
tractable. The biological uniqueness of each patient — genomic profile, transcriptomic 
state, metabolomic signature, microbiome composition, immunological history, environ-
mental exposure — is becoming computationally accessible in ways inconceivable fifteen 
years ago [5,6].

These developments are not simply making existing medicine more accurate. They are 
initiating a structural reorganization of drug discovery itself — a transition from a para-
digm organized around populations toward one organized around individuals. The end-
point of this trajectory is what we call therapeutic sovereignty: the condition in which 
the individual becomes the primary organizing center of their own therapeutic ecosys-
tem, with institutional structures playing consultative rather than authoritative roles.
The argument develops as follows. Section 2 situates this transition within a broader civ-
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ilizational tendency toward individualized authority. Section 3 
identifies twelve convergent indicators of the therapeutic tran-
sition. Sections 4–15 develop each indicator in detail. Section 
16 applies the Asymmetric Epistemic Burden (AEB) model to 
pharmaceutical R&D. Section 17 presents a fifty-year roadmap. 
Section 18 addresses governance, equity, and regulatory chal-
lenges. Section 19 draws conclusions.

2. A Civilizational Tendency: Authority Migration and Its 
Biomedical Expression
This transition is not unique to medicine. Across computing, 
energy, finance, communication, and education, the same di-
rectional pattern is visible: authority migrating from central-
ized, institutional, population-scale structures toward distrib-
uted, individualized, computationally mediated systems. The 
smartphone consolidates capabilities that once required state 
infrastructure. Blockchain relocates trust from institutions to 
protocols. Solar energy makes the household a producer. AI 
transfers expertise from credentialed intermediaries to person-
alized interfaces [1](Table 2).

Medicine is undergoing the same movement. Therapeutic 
authority resided historically with the physician, the hospital, 
the pharmaceutical manufacturer, and the population cohort 
as the unit of evidence. Each of these structures is now under 
pressure: genomic testing returns biological information di-
rectly to patients; digital twins create individualized compu-
tational models; AI-guided diagnostics routinely outperform 
clinical judgment on specific tasks; decentralized science plat-
forms create alternative pathways for research funding and 
data governance [7,8].

The convergence is what demands explanation. Technolo-
gies with entirely different origins — molecular biology, com-
puter science, materials science, synthetic biology — are all 

producing outputs that increase biological resolution, com-
press the therapeutic scale from populations to individuals, and 
shift decision-making authority toward the patient.

This convergence is not accidental. It reflects the same struc-
tural dynamic visible across other domains: computation be-
comes cheaper, individualized data becomes abundant, algo-
rithmic mediation becomes pervasive, and the organizing unit 
of decision-making resolves toward smaller, more personalized 
scales. Drug discovery is the latest — and potentially the most 
consequential — domain in which this resolution is occurring. 

The 2026 Stanford AI Index documented that AI is now in-
volved in the majority of new drug approvals and that AI-en-
abled biological hypothesis generation is growing at a rate that 
outpaces institutional evaluation capacity, a direct empirical 
manifestation of this civilizational dynamic [4].

3. Twelve Convergent Indicators of the Therapeutic 
Transition
Twelve convergent developments — arising from different dis-
ciplines and different institutional contexts — point toward the 
same structural destination. We call these the Therapeutic Au-
thority Vector Indicators (TAVIs). Each represents a genuine 
innovation. Together, they constitute evidence of a directional 
reorganization of drug discovery (Table 2).

Figure 1 maps the network architecture of the 12 TAVIs 
across four thematic quadrants — Individual Biology & Sim-
ulation; Computational Governance & Authority; Continuous, 
Autonomous Intervention; New Systems & Modalities — illus-
trating structural interdependence rather than mere parallel-
ism. The color-coded vectors trace causality chains, feedback 
loops, shared technological foundations, and evolutionary suc-
cessions that collectively displace centralized, reactive medical 
authority toward a distributed, continuous, autonomous ther-

Table 1. Authority Migration Across Civilizational Domains

Domain Historical Authority Locus Emerging Authority Locus Mechanism

Technology States / Corporations
Individual (smartphone, 

wearable)
Miniaturization + 

personalization

AI / Knowledge Universities / Experts Personalized AI interface Algorithmic mediation

Finance / Trust Banks / States
Protocols / Distributed 

networks
Blockchain, DeFi

Medicine / Health Hospital / Population protocols
Individual genomic + digital 

twin
Precision medicine, AI 

diagnostics

Energy National grids / Utilities Household solar + storage Distributed generation

Drug Discovery Big Pharma / Population trials AI-native N-of-1 design AI + patient-derived biology

Clinical Trials Large randomized cohort
Virtual patient / Adaptive N-of-

1
Digital twins, organ-on-chip

Identity / Self Family / Community / Nation Self-authored identity
Cultural de-

institutionalization
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apeutic ecosystem.
Figure 2 shows how the structural weight of these four clus-

ters transforms over time. The present state is roughly symmet-
ric. The projected future is not: Computational Governance & 
Authority expands to a dominant position, exerting directed 
influence over the other three, while Continuous, Autonomous 
Intervention becomes the operational engine of the system.

4. Indicator 1 — N-of-1 Drug Discovery
Conventional drug development begins with a disease catego-
ry: Alzheimer's, metastatic lung cancer, type 2 diabetes. With-
in that category, cohort studies define the target population, 
preclinical models approximate population-level biology, and 
clinical trials seek effects that are statistically significant across 
groups. The individual patient is an entry in a register, a mem-
ber of a class. Success is measured against a population mean.
N-of-1 drug discovery inverts this logic. Discovery begins with 
the individual: their specific mutational landscape, transcrip-
tomic state, protein expression profile, physiological context. 
The disease category becomes a provisional label, not a discov-
ery target. The therapeutic candidate is evaluated for predicted 

efficacy within a specific biological context rather than a statis-
tical average [9].

Evidence for the viability of this approach is accumulating. 
In rare disease therapeutics, antisense oligonucleotides have 
been designed in weeks for individual patients based on their 
specific mutations [10]. CAR-T cell therapies are inherent-
ly individualized — the therapeutic molecule is the patient's 
own cells, engineered ex vivo. Personalized cancer vaccines 
designed against individual neoantigen profiles are progress-
ing through clinical development. A 2026 review in Nature 
Medicine articulated five fundamental tenets for advancing ev-
idence-based precision medicine, emphasizing precision trial 
designs and strategies that address heterogeneity in therapeutic 
response [9,11].

N-of-1 drug discovery is not an incremental improvement 
on precision medicine. It is a categorical shift in the unit of dis-
covery: from disease to individual, from population to person.
The economic consequences run deep. The blockbuster model 
— one drug for millions of patients — is directly challenged 
by a model in which therapeutic value derives from biological 
specificity rather than scale. Existing regulatory frameworks, 

Table 2. The Twelve Therapeutic Authority Vector Indicators (TAVIs)

# Indicator Core Transformation Authority Vector Direction

1 N-of-1 Drug Discovery Discovery begins from individual biology, not popu-
lation disease categories

Population → Patient as origin 
point of therapeutic design

2 Multi-Scale Digital Twins Therapeutic decisions are pre-evaluated in continu-
ously updated individual computational models

Population evidence → Indi-
vidual simulation

3 AI-Native Therapeutic 
Design

AI systems generate, evaluate, and iterate drug hy-
potheses with minimal human involvement

Institutional expertise → Com-
putational mediation

4 Self-Driving Clinical 
Trials

Virtual patient models and organ-on-chip replace or 
precede human cohort trials

Cohort → Simulated individual 
validation

5 Therapeutic Operating 
Systems

Drug + sensor + model + adaptation replaces the 
static pill

Episodic intervention → Con-
tinuous computational regu-

lation

6 Closed-Loop Biology Sense → Predict → Intervene → Update replaces Diag-
nose → Treat → Wait

Reactive treatment → Continu-
ous autonomous optimization

7 Personal Cell Factories Patient's biology becomes the substrate of therapeutic 
production

Centralized manufacturing → 
Patient-origin production

8 Computational Authority The model predicts displaces the expert recommends 
as the locus of therapeutic trust

Institutional authority → Algo-
rithmic authority

9 Search-Driven Discovery Drug discovery becomes navigation of biological 
possibility spaces rather than mechanistic inference

Hypothesis-driven → 
Search-driven exploration

10 Therapeutic Sovereignty Individuals own their genomic data, digital twins, 
and health records; patient as principal organizer

Institutional authority → Indi-
vidual sovereignty

11 Decentralized Science 
(DeSci)

Blockchain, DAOs, IP-NFTs, and community funding 
distribute research governance

Centralized pharma → Distrib-
uted therapeutic communities

12 Recursive Self-Optimi-
zation

Medicine becomes continuous self-improvement; 
health becomes a dynamic engineering discipline

Disease treatment → Capability 
enhancement
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designed around population-level evidence, require funda-
mental adaptation to accommodate this [12].

5. Indicator 2 — Multi-Scale Digital Twins
The digital twin concept — a continuously updated computa-
tional replica of a physical system — originated in aerospace 
and manufacturing. Its application to human biology may be 
among the most consequential transformations in the history 
of medicine [13,14]. A medical digital twin integrates multiple 

layers of individual data: genomic, transcriptomic, proteomic, 
metabolomic, physiological, behavioral, environmental. Not 
a static model. A dynamic one, continuously updated by data 
streams from wearable sensors, electronic health records, and 
laboratory measurements.

The therapeutic significance of digital twins lies in their po-
tential to shift the primary site of drug evaluation from biolog-
ical systems to computational ones. Instead of asking whether 
a drug works for a population, the digital twin asks whether 

Figure 1. Topological Map of the Twelve Therapeutic Authority Vector Indicators (TAVIs) and Their Interconnected Structural 
Relationships. This schematic diagram maps the network architecture of the 12 TAVIs, organized into a self-organizing map 
layout that positions conceptually proximal indicators within four distinct thematic quadrants to illustrate the shifting para-
digms of modern medicine. The upper-left quadrant anchors Individual Biology & Simulation, capturing the transition from 
population-level averages to patient-specific modeling. The upper-right quadrant defines Computational Governance & Aut-
hority, illustrating how epistemic trust shifts from institutional experts toward algorithmic systems and individual sovereignty. 
The lower-left quadrant represents Continuous, Autonomous Intervention, mapping the evolution of treatment from episodic, 
reactive events into real-time computational engineering loops. The lower-right quadrant aggregates New Systems & Modalities, 
covering the decentralization of manufacturing, knowledge discovery, and research governance. Color-coded vectors represent 
the structural dynamics between nodes, revealing interdependencies that go beyond sequential progression: solid blue arrows de-
note direct dependencies and causality, where one indicator is a necessary prerequisite for another; bi-directional orange arrows 
denote feedback loops and reciprocal optimization between adjacent paradigms; dotted purple lines denote shared technological 
foundations and common computational infrastructure; solid green and dashed teal arrows trace evolutionary successions and 
co-dependent relationships across operational domains. Where a node-pair is connected by more than one vector type — as 
between Closed-Loop Biology (6) and Recursive Self-Optimization (12), which are linked by a solid blue dependency arrow, a 
bi-directional orange feedback arrow, and a dashed teal succession arrow — each line represents a distinct and independently me-
aningful relationship rather than a redundant restatement of the same connection: continuous biological regulation is a structural 
precondition for recursive self-optimization, the two paradigms refine each other's operational targets through ongoing feedback, 
and self-optimization represents the evolutionary extension of closed-loop regulation beyond disease management. Together, 
the network visualizes how the twelve indicators converge to displace centralized, reactive medical authority with a distributed, 
continuous, autonomous therapeutic ecosystem.
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it works — and at what dose, timing, and co-administration 
context — for a specific modeled individual. Drug interactions, 
side effects, pharmacokinetic profiles, and disease progression 
trajectories can be explored computationally before any biolog-
ical intervention occurs [15].

Clinical relevance is accelerating. A 2026 Frontiers in Digital 
Health review documented multi-scale digital twin architec-
tures integrating molecular, cellular, tissue, organ, behavioral, 
and environmental data layers for individualized clinical de-
cision-making [15]. A 2026 review in Exploration of Digital 
Health Technology described the shift from provider-centered 
to patient-centered medicine mediated through digital twin 
infrastructure [14]. A review in Innovation in Health Scienc-
es identified data interoperability, validation standards, and 
regulatory acceptance as the primary constraints on digital 
twin deployment at scale [16]. The Journal of Medical Internet 

Research published a 2025 perspective on the mathematical 
foundations of digital twins — differential equations, Bayesian 
networks, Markov models, reinforcement learning — for indi-
vidual health trajectory prediction and treatment optimization 
[17].

The FDA's December 2025 qualification of the first AI-based 
tool for clinical trial drug development signals that regulatory 
frameworks are beginning to incorporate computationally me-
diated evidence [18]. As digital twin fidelity improves and vali-
dation methods mature, the twin may become the primary site 
at which first-in-human therapeutic decisions are effectively 
made — biological administration confirming computational 
prediction rather than initiating discovery.

6. Indicator 3 — AI-Native Therapeutic Design
The May 2026 Nature papers — Robin, Co-Scientist, and ERA 

Figure 2. Evolutionary Dynamics and Structural Reconfiguration of TAVI Clusters from the Present to a Future Sovereign Ecosys-
tem. This two-panel comparative diagram illustrates the macro-level transformation of the four primary TAVI clusters, tracking 
how their relative structural impact, governing authority, and internal dependencies evolve over time. The left panel depicts the 
baseline Present State: a symmetric, decentralized configuration in which Individual Biology & Simulation, Computational Go-
vernance & Authority, Continuous, Autonomous Intervention, and New Systems & Modalities operate as distinct, largely parallel 
pillars connected by bidirectional, uniform exchanges (gray arrows), with traditional institutional structures still mediating the 
interaction between individual patient data and therapeutic development. The right panel models the anticipated Future State, 
in which the ecosystem undergoes a shift in both scale and directional governance: Computational Governance & Authority ex-
pands and elevates to a dominant, top-tier position, exerting directed regulatory and design influence (thick blue down-arrow) 
over the other domains; Continuous, Autonomous Intervention expands to become the operational engine of the system, fueled 
by heavy feedback loops (orange vectors) that continuously cycle data from Individual Biology & Simulation into real-time opti-
mization; green and teal successional arrows track how these computational frameworks mature into decentralized, communit-
y-driven New Systems & Modalities, shifting the locus of control away from centralized pharma. All arrow colors and styles in 
both panels follow the same legend used in Figure 1; no additional line types are introduced. The transition depicted moves from 
static, episodic medical intervention toward a highly integrated, algorithmically governed, self-optimizing therapeutic paradigm.
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— mark the emergence of AI-native science: a paradigm in 
which artificial intelligence functions not as an instrument 
of inquiry but as an integrated epistemic participant [5,6,7]. 
Applied to drug discovery, this transition transforms the dis-
covery process from hypothesis-driven experimentation into 
large-scale computational search. A companion Nature edi-
torial declared that AI scientists are fundamentally changing 
research and that institutions, funders, and publishers must 
urgently adapt [19].

Foundation models for biology — large-scale pre-trained ar-
chitectures learning from genomic, proteomic, transcriptomic, 
and chemical data — are the technical substrate of AI-native 
therapeutic design. AlphaFold3, developed by Google Deep-
Mind and Isomorphic Labs, predicts the structures and in-
teractions of virtually all biomolecules with unprecedented 
accuracy, achieving 76.4% accuracy in protein-ligand docking, 
a 1.8-fold improvement over prior methods [20,21,22]. RFdif-
fusion generates novel protein scaffolds using diffusion models. 
MAMMAL, a molecular multi-modal foundation model, en-
ables cross-modal drug discovery across chemical, protein, and 
genomic modalities simultaneously [23].

The practical consequences are concrete. Insilico Medicine 
identified a novel target for idiopathic pulmonary fibrosis and 
advanced a drug candidate to preclinical trials in 18 months 
at a cost of approximately $150,000 — a process that previ-
ously required four to six years. Exscientia designed the first 
AI-designed molecule to enter human clinical trials in under 
12 months. A 2025 review in Patterns documented the trans-
formation of multiple stages of the drug development pipeline 
by large language models, including target identification, lead 
optimization, and clinical trial design [24]. The application of 
LLMs to drug target discovery is one of the most active current 
research fronts [25]. A comprehensive 2025 review catalogued 
AI-driven drug discovery platforms in clinical or preclinical 
use [26], and a 2024 review in Pharmaceutics documented AI 
applications spanning target identification through clinical op-
timization for personalized medicine [27].

The structural shift is decisive. When drug discovery be-
comes search — when the binding constraint is no longer gen-
erating hypotheses but evaluating them — the entire organiza-
tional logic of pharmaceutical R&D changes. Evaluation here 
means something more demanding than checking a candidate 
against known biology, because for most biological processes 
the underlying mechanism is itself poorly understood. The 
evaluator is not confirming a result against a known ground 
truth; they are conducting primary research into systems 
whose causal structure remains partially opaque even after the 
experiment is run. That asymmetry — a generator producing 
candidates at near-zero marginal cost, against an evaluator who 
must do original biological discovery just to assess each one 
— is what the Asymmetric Epistemic Burden model formaliz-
es in Section 16. Autonomous agent frameworks are extending 
the generative side further still: a 2025 review in Nature Ma-
chine Intelligence documented integrated discovery pipelines 
orchestrating scientists, language models, code, and physical 

simulation with minimal human oversight at individual exper-
imental steps [28].

7. Indicator 4 — Self-Driving Clinical Trials and Virtual Val-
idation
Clinical trials are the most expensive, time-consuming, and 
ethically consequential stage of drug development. A Phase 
III trial costs over $300 million and requires years of patient 
recruitment and follow-up. The failure rate is extraordinary: 
roughly 90% of candidates entering clinical development never 
reach market [29]. AI and digital technologies are beginning to 
transform all stages of this process.

Virtual patient populations — computational models de-
rived from real-world patient data — can substitute for or 
precede human cohorts in early trial phases. Digital twin rep-
resentations of individual patients allow adaptive trial designs 
that continuously update dosing, endpoint definitions, and pa-
tient stratification in real time. Organ-on-chip systems provide 
human-relevant microphysiological models that improve on 
animal models for specific, isolated questions — tissue-level 
toxicity, local drug-receptor interactions — at a fraction of the 
cost and time [30]. They do not yet capture organismic-level 
pharmacology: systemic drug metabolism, adverse effects aris-
ing from whole-body feedback, and complex multi-organ drug 
interactions remain outside their scope. Closing that gap is it-
self an active research problem, not a solved one.

A landmark development came in April 2026, when the FDA 
formally launched an AI-Enabled Optimization of Early-Phase 
Clinical Trials Pilot Program, requesting industry input on 
AI applications including adaptive designs, biomarker-based 
patient stratification, endpoint validation, and earlier Phase 1 
to Phase 2 decision support [18]. In December 2025, the FDA 
qualified the first AI-based tool for use in drug development 
clinical trials — a cloud-based platform for liver biopsy scor-
ing in NASH/MASH trials — representing formal regulatory 
acceptance of AI within the clinical evidence framework [31].
The convergence of virtual patient models, AI-driven trial opti-
mization, and novel trial designs is transforming clinical devel-
opment from a sequential, cohort-based process into a contin-
uously adaptive, partially simulated one. The fully self-driving 
trial — in which adaptive AI manages all stages of validation — 
remains ahead. But the architecture is already being assembled.

8. Indicator 5 — Therapeutic Operating Systems
Pharmacotherapy has historically operated in open loop. A 
drug is prescribed at a dose, taken on a schedule, and its ef-
fects are assessed at the next clinical encounter. Between pre-
scription and reassessment — days, weeks, sometimes months 
— the patient's physiology changes, the therapeutic response 
changes, and the intervention remains fixed.

The therapeutic operating system concept challenges this 
architecture. A therapeutic OS integrates continuous sensing, 
real-time monitoring, predictive modeling, and adaptive drug 
delivery into a unified feedback architecture. Within this sys-
tem, a drug is not a static product but a component of a larger 
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computational-biological process. Physiological data contin-
uously informs dosing decisions; therapeutic regimens adapt 
dynamically to real-time biomarker levels; algorithms optimize 
intervention strategies over time. A 2026 review on precision 
medicine in medical technology documented the emergence 
of personalized devices, implantable sensors, adaptive stimula-
tors, and closed-loop drug-delivery platforms as the hardware 
substrate of this model [32].

The prototype already exists in diabetes management. 
Closed-loop insulin delivery systems — commonly called the 
artificial pancreas, though the name is a convenience, not a 
biological description — integrate continuous glucose mon-
itoring, insulin pump delivery, and control algorithms into a 
system that adapts dosing continuously without clinical inter-
vention. It replicates one function of the organ, insulin release 
in response to glucose, through engineering rather than tissue; 
it is not a synthetic reconstruction of the pancreas itself. A 2025 
review in Nature Reviews Bioengineering examined smart 
closed-loop systems integrating real-time biosensing with au-
tomated drug delivery, AI-enhanced control algorithms, and 
synthetic biology components for personalized adaptive ther-
apies across chronic disease domains [33]. Wearable electro-
chemical biosensors are achieving continuous real-time track-
ing of multiple drug plasma levels — tobramycin, vancomycin, 
levodopa — enabling precision pharmacokinetic monitoring 
outside the clinic [34].

The extensions of this model across oncology, cardiovascular 
disease, neurodegeneration, and psychiatric illness represent 
one of the most consequential trajectories in pharmacotherapy. 
Consider a cancer patient whose tumor microenvironment is 
continuously monitored, whose treatment regimen adapts con-
tinuously to emerging resistance, whose adverse effect profile 
is continuously managed. Each component already exists. Inte-
gration is the challenge.

9. Indicator 6 — Closed-Loop Biology
The therapeutic operating system is a specific expression of a 
more general principle: the replacement of episodic, open-loop 
intervention with continuous, closed-loop biological regula-
tion. In an open-loop system, the physician observes, diagno-
ses, prescribes, and waits — feedback slow, mediated by clinic 
visits, dependent on patient self-report. In a closed-loop sys-
tem, sensing, prediction, intervention, and monitoring occur 
continuously and automatically, with human oversight operat-
ing at a higher level of abstraction.

Diabetes care demonstrates this transition most clearly. 
The progression from fingerstick glucose measurement (open 
loop) to continuous glucose monitoring (real-time sensing) to 
the closed-loop artificial pancreas (autonomous intervention) 
exemplifies the trajectory. The same progression is underway 
across multiple domains: cardiac monitoring moving toward 
predictive arrhythmia intervention; wearable neurology en-
abling closed-loop neuromodulation for epilepsy and Parkin-
son's disease; psychiatric medicine exploring continuous bio-
marker monitoring for mood disorder management.

A 2025 review in Micromachines documented the trans-
formation of healthcare through wearable and implantable 
BioMEMS devices, enabling continuous biomarker tracking, 
closed-loop diagnostic systems, and adaptive therapeutic deliv-
ery across metabolic, cardiovascular, and neurological domains 
[35]. Miniaturized electronics, AI-driven signal processing, ad-
vanced materials, and synthetic biology are progressively ex-
tending closed-loop regulation beyond glucose toward the full 
spectrum of physiological control.

10. Indicator 7 — Personal Cell Factories
The industrial pharmacotherapy model was organized around 
centralized manufacturing: a drug synthesized in a factory, ap-
proved by a regulator, distributed through a supply chain, and 
administered to a patient. The patient was the terminal end-
point — present at consumption, absent from creation. Emerg-
ing technologies are beginning to dissolve this boundary.
Autologous cell therapies — CAR-T cells, TIL (tumor-infiltrat-
ing lymphocyte) therapies, engineered immune cells — are in-
herently patient-derived: the therapeutic molecule is produced 
from the patient's own biology. Patient-derived tumor organ-
oids serve as personalized drug screening platforms, allowing 
ex vivo testing of treatment regimens against the patient's actual 
tumor before in vivo administration [36]. Personalized mRNA 
vaccines against tumor neoantigens are designed de novo from 
each patient's mutational landscape. Induced pluripotent stem 
cell (iPSC) technology enables patient-derived production of 
virtually any cell type for therapeutic application. Patient-de-
rived zebrafish xenograft avatars provide a complementary 
platform for rapid in vivo therapeutic decision support, though 
the value of any cross-species avatar is bounded by genomic 
divergence from the host species — zebrafish, like other ani-
mal models, differ substantially from humans in non-coding 
genome content, limiting what such systems can reveal about 
regulatory biology even when the implanted tumor cells are 
themselves patient-derived [37].

The integration of AI into patient-derived therapeutic 
pipelines is accelerating. A 2026 study in npj Drug Discovery 
demonstrated that AI-guided small molecule design targeting 
individualized tumor immunomodulation profiles can sub-
stantially compress the time from patient biopsy to therapeu-
tic candidate identification [38]. Comprehensive reviews have 
documented the convergence of AI design, patient-derived 
biology, and personalized delivery into an emerging unified 
pipeline [39].

The implications reach beyond oncology. When the patient's 
biology — cells, proteins, nucleic acids — becomes the primary 
substrate for therapeutic production, the supply chain of med-
icine runs through the individual rather than around them. 
Drug production migrates toward the point of care. Therapeu-
tic design becomes inseparable from individual biology.

11. Indicator 8 — Computational Authority
One of the least examined but most consequential shifts in 
medicine is the substitution of algorithmic authority for expert 
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authority. The physician's recommendation has historically 
been the primary interface between medical knowledge and 
individual treatment — authority derived from training, expe-
rience, credentialing, community recognition. Constitutively 
human.

The emergence of AI decision support systems, and their 
progressive improvement relative to human clinical judgment 
across multiple domains, introduces a new form of authority: 
computational authority. The trusted entity becomes the model 
predicts rather than the expert recommends. Neither institution-
al authority nor individual authority in the traditional sense. 
Algorithmic authority — mediated by systems whose outputs 
are often more accurate than human judgment but whose rea-
soning processes are frequently opaque.

A 2026 Frontiers review documented multi-modal AI in-
tegration of genomics, imaging, and EHR data for clinical in-
sights, demonstrating AI assistance in disease risk assessment, 
early diagnosis, drug discovery, and therapeutic optimization 
[40]. A 2025 review of AI and multi-omics in pharmacog-
enomics in Mayo Clinic Proceedings documented the progres-
sion from foundational genomics through regulatory adoption 
to real-world implementation of FDA-cleared AI decision-sup-
port panels [41]. AI-powered genomic analysis is increasingly 
assisting variant classification in oncology settings, improv-
ing consistency and throughput where human interpretation 
remains the primary, though now partially augmented, con-
straint [42].

As computational authority becomes more accurate and 
more pervasive, the physician's role evolves from primary ther-
apeutic authority toward expert oversight, quality control, and 
ethical stewardship of algorithmic outputs. Not a diminish-
ment. A reorganization. The governance challenge this creates 
— establishing accountability frameworks for AI clinical deci-
sions — is addressed in Section 18.

12. Indicator 9 — Search-Driven Drug Discovery
The classical model of drug discovery was hypothesis-driven. 
A researcher formed a mechanistic theory — this protein is 
involved in this pathway and is abnormally regulated in this 
disease — and designed experiments to test it. Hypothesis 
preceded experiment. The research program was organized 
around theoretical propositions subsequently confronted with 
empirical reality.

AI-native drug discovery fundamentally alters this logic. 
When large-scale generative models can propose millions of 
candidate molecules against a given target, when virtual screen-
ing can rapidly evaluate candidates across multiple parameters, 
when self-driving laboratories can physically test compounds 
at a rate of thousands per day, drug discovery increasingly re-
sembles search — the systematic navigation of vast biological 
possibility spaces — rather than classical hypothesis-driven 
inquiry [5,26]. Comprehensive analyses of AI drug discovery 
platforms document this structural shift across the full pipe-
line, from target identification to lead optimization [39].

This is not merely a change in technique. It is a change in 

the epistemological structure of discovery. In search-driven 
discovery, the causal story is often reconstructed post hoc, after 
a candidate has been identified by screening rather than pre-
dicted by theory. The relationship between mechanism and dis-
covery is inverted. Understanding follows finding rather than 
preceding it. A 2025 review in Nature Machine Intelligence 
documented how autonomous agent frameworks — orches-
trating language models, code execution, and physical simu-
lation — are transforming scientific discovery into a recursive 
computational search process [28]. What these systems do well 
is navigate a space of possibilities already implicit in existing 
data and known chemistry. What they do not yet do is originate 
the kind of conceptual reframing — a new hypothesis nobody 
thought to test, an analogy drawn from an unrelated field — 
that has historically driven the largest leaps in biology. The re-
duction in human involvement is real at the level of individual 
experimental decisions. It is not yet a reduction in the need for 
human imagination at the level of framing the problem.

The consequences for pharmaceutical R&D are structural. 
As the cost of generating drug candidates collapses — AI re-
ducing the marginal cost of hypothesis generation to near zero 
— the binding constraint on innovation shifts from discovery 
to validation. This is the central claim of the Asymmetric Epis-
temic Burden model, developed in Section 16.

13. Indicator 10 — Therapeutic Sovereignty
Therapeutic sovereignty describes the emerging condition in 
which individuals acquire the capacity to organize, direct, and 
optimize their own therapeutic ecosystems. Not a technologi-
cal development in the conventional sense. A reorganization of 
the authority structure of medical decision-making.

Multiple technological threads converge toward this condi-
tion. Direct-to-consumer genomic testing provides individuals 
with detailed information about their pharmacogenomic pro-
file — variants in CYP450 enzymes, drug transporter genes, 
disease-associated loci — without clinical mediation. Wearable 
sensors generate continuous physiological data that belongs to 
the wearer. Digital health records, mandated to be patient-ac-
cessible in many jurisdictions, return individuals' medical his-
tories to their control. These three developments are already 
in place. What is not yet in place, but is emerging, is a fourth: 
AI-guided decision support tools capable of translating this 
information directly into actionable therapeutic guidance, 
independent of clinical interpretation. Today's tools largely 
assist clinicians rather than patients directly; the shift toward 
patient-facing, autonomous decision support remains a near-
term trajectory rather than a current capability.

At the institutional level, decentralized science is creating 
alternative architectures for research funding, data governance, 
and drug development that distribute authority away from cen-
tralized pharmaceutical companies and regulatory agencies. 
VitaDAO, AthenaDAO, Molecule Protocol, and Hippocrat — 
patient-owned health data networks on blockchain — repre-
sent early instantiations of distributed therapeutic governance 
[43,44].
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The endpoint — a patient who possesses their complete 
multi-omic profile, maintains a continuously updated digital 
twin, participates in decentralized research communities, and 
uses AI decision support to direct their own therapeutic strate-
gy — represents a qualitative shift in the authority structure of 
medicine that no single technology alone produces. It is what 
all twelve indicators, acting simultaneously, converge toward.

14. Indicator 11 — Decentralized Science (DeSci)
The pharmaceutical industry is organized around centralized 
authority. Large companies fund research, patent discoveries, 
and control production. Academic institutions operate within 
funding structures controlled by government agencies whose 
paylines have tightened sharply. Regulatory agencies maintain 
gatekeeping authority over what may be administered to pa-
tients.

Decentralized science challenges this architecture through 
blockchain-enabled mechanisms that distribute research 
funding, data governance, intellectual property management, 
and publication. Decentralized Autonomous Organizations 
(DAOs) pool community funds for research projects through 
governance voting. IP-NFTs tokenize intellectual property, al-
lowing researchers to prove ownership and share revenue. Pa-
tient-owned data networks give individuals control over their 
health data and the ability to selectively share it for research 
purposes [43,44].

As of early 2026, approximately 50 active DeSci initiatives 
span funding DAOs, publishing platforms, healthcare data 
systems, and IP management. The convergence of collapsed 
federal research paylines — NIH success rates for early-stage 
investigators falling from 26% in 2024 to 19% in 2025 — with 
the maturation of DeSci infrastructure is accelerating the mi-
gration of research governance away from centralized institu-
tions [43].

The pharmaceutical implications are potentially transfor-
mative. A DeSci ecosystem in which patients own their bio-
logical data, contribute it to research DAOs, and participate in 
the governance of therapeutic pipelines would represent a drug 
discovery model organized around patient sovereignty rather 
than corporate control. The distance between this vision and 
current reality remains substantial. It also conceals a democrat-
ic problem the optimistic framing tends to skip: meaningful 
participation in DAO governance, token economics, and da-
ta-sharing decisions demands financial literacy, technical flu-
ency, and time that most patients do not have in surplus. A 
sovereignty model that requires patients to become part-time 
governance experts in their own biology risks reproducing the 
same resource asymmetry it claims to dissolve — substituting 
technical and administrative capital for the institutional capi-
tal it displaces. Whether DeSci infrastructure can be designed 
to lower this burden, rather than simply relocate it, is an open 
question addressed further in Section 18.2.

15. Indicator 12 — Recursive Self-Optimization
The final indicator is the most radical. The first eleven describe 

a trajectory whose endpoint is the replacement of disease treat-
ment with continuous self-optimization. If each individual 
possesses a comprehensive multi-omic profile, a continuously 
updated digital twin, a closed-loop sensing and intervention 
system, and AI decision support, the object of medicine shifts 
from eliminating pathology to continuously enhancing capa-
bility.

This is already visible in certain domains. The closed-loop 
insulin system does not merely treat diabetes; it optimizes met-
abolic function continuously. Performance optimization med-
icine, precision nutrition, pharmacological cognitive enhance-
ment, longevity-oriented interventions — each extends this 
logic beyond managing disease toward engineering wellbeing. 
This extension creates a problem the closed-loop insulin case 
does not: diabetes management operates within a tightly regu-
lated evidentiary framework, while much of the wellness-opti-
mization space does not. As medicine's boundary expands into 
domains historically occupied by unregulated supplements, 
biohacking communities, and direct-to-consumer health 
claims, the non-expert is left to distinguish validated interven-
tion from marketing without a reliable arbiter. No institution 
currently occupies the role of objective guide across this ex-
panded territory — physicians are not trained for it, regulators 
do not yet cover it, and platforms hosting health claims have no 
obligation to adjudicate them. This is not a peripheral concern. 
It is a precondition for the legitimacy of recursive self-optimi-
zation as a medical category rather than a consumer one.

If the line between disease management and capability op-
timization dissolves, the social compact of medicine — orga-
nized historically around the treatment of pathology and the 
relief of suffering — requires fundamental renegotiation. Ques-
tions of equity, enhancement justice, and the social meaning of 
health move from the margins to the center. The pharmaceuti-
cal industry and the regulatory apparatus are not equipped to 
answer them [45,46].

16. The Asymmetric Epistemic Burden in Pharmaceutical 
R&D
The transformation described in Sections 4–15 introduces a 
structural imbalance in the pharmaceutical research enterprise, 
formalized here as the Asymmetric Epistemic Burden (AEB) 
model [2,3] (Table 3). Three functional roles are identified in 
any knowledge-production system:
•	 The Generator (G): produces candidate drug molecules, 

mechanisms, and therapeutic hypotheses
•	 The Explorer (E): navigates biological possibility spaces 

and identifies promising candidates
•	 The Evaluator (V): validates candidates against biological 

reality through experimental and clinical testing
The AEB is formally defined as the differential burden im-

posed on the Evaluator relative to the Generator as generative 
capacity scales. If generative throughput G(t) grows at approx-
imately the rate of AI capability improvement — exponential 
since 2020 — while evaluative capacity V(t) grows at the pace 
of experimental infrastructure expansion and expert judgment 
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development — approximately linear — then:
AEB(t)  G(t) / V(t)  The AEB widens over time. This is not a 
transitional state but a structural feature of any system where 
generation is dominated by statistical pattern-matching while 
evaluation requires causal understanding, experimental vali-
dation, and regulatory judgment. The 2026 Stanford AI Index 
confirms this dynamic empirically: AI-generated scientific out-
puts are now growing at a rate that substantially exceeds the 
growth of peer review, experimental validation, and regulatory 
review capacity [4].
The pharmaceutical implications are direct. The historical at-
trition rate — approximately 1 in 5,000 preclinical compounds 
reaching market [29] — does not improve through accelerating 
generation alone if validation infrastructure does not scale pro-
portionally. AI systems that generate ten times more candidates 
per year increase the absolute volume of false positives requir-
ing expensive experimental work, not merely the number of 
true positives reaching patients.
The organizations and nations that define the next era of phar-
maceutical innovation will not be those that generate the most 
AI-designed molecules. They will be those that solve the val-
idation bottleneck — investing in AI-assisted experimental 
validation, regulatory science, digital trial infrastructure, and 
institutional frameworks for evaluating AI-native therapeutics. 
The self-driving laboratory paradigm, integrating AI hypothe-
sis generation with robotic experimental execution and auto-
mated data analysis, is the most promising current direction for 
narrowing the AEB on the evaluative side [47,48,49,50].

17. A Fifty-Year Roadmap: From Population Medicine to 
Therapeutic Sovereignty
The twelve indicators and the AEB model converge on a di-
rectional trajectory whose stages can be projected across the 
coming fifty years. This roadmap does not predict specific tech-
nologies. It identifies the organizational logic and structural 
prerequisites for each successive phase, based on trends visible 
in 2026 (Table 4). Figure 3 illustrates projected temporal trajec-
tories and shifting systemic influence of the four TAVI clusters. 
Figure 4 tracks the micro-trajectories of all 12 individual TAVIs 

across the same timeline.

A note on the roadmap figures. Figures 3, 4, and 5 are con-
ceptual projections, not empirical forecasts. The phase bound-
aries in Table 4, and the curve shapes, inflection points, and 
intercepts shown in Figures 3 through 5, are derived from the 
structural logic of the TAVI framework and the AEB model 
developed in this review — not from time-series data, simu-
lation, or quantitative forecasting models. Where curve shapes 
are sigmoidal, this reflects a modeling choice consistent with 
standard technology-adoption dynamics: gradual S-curves for 
infrastructure requiring institutional and regulatory uptake, 
and steeper, earlier-inflecting curves for capabilities that scale 
with computational cost reduction, as formalized in Section 16. 
These figures should be read as visual arguments for the direc-
tional claims made throughout this review, not as quantitative 
predictions of timing, magnitude, or rate. The fifty-year hori-
zon is organized around structural prerequisites — what must 
be institutionally and technically true for each phase to begin 
— rather than calendar forecasting, and the specific year ranges 
in Table 4 should be treated as illustrative rather than precise.

18. Governance, Equity, and Regulatory Challenges
18.1 The Regulatory Lag
Regulatory agencies designed to evaluate population-lev-
el evidence now confront a therapeutic paradigm generating 
individualized, computationally mediated, rapidly adapting 
innovations. The FDA's 2025 draft guidance on AI in regu-
latory decision-making is a step. The gap between regulatory 
adaptation and technological development remains substantial 
[12,18].

The central regulatory challenge is not technical. It is epis-
temological. Existing frameworks ask whether a therapy 
works for a population and is safe on average. They are poorly 
equipped to evaluate whether a therapy works for a specific in-
dividual modeled by a digital twin, whether an AI-generated 
hypothesis meets evidentiary standards, or whether a continu-
ously adaptive system has maintained an acceptable safety pro-
file over time. New paradigms — adaptive approval, real-world 

Table 3. Asymmetric Epistemic Burden (AEB) Model Applied to Pharmaceutical R&D.

Role Function Pre-AI Scarcity Post-AI Scarcity AEB Status

Generator (G) Molecular hypothesis, target 
ID, lead generation

High — bottlenecked by 
human creativity, labor, and 

chemical library size

Very low — AI reduces 
marginal cost of candi-
date generation toward 

zero

Collapsing

Explorer (E)
Virtual screening, property 

prediction, ADMET optimi-
zation

High — requires domain 
expertise, experimental re-

sources, iterative cycles

Medium — AI automates 
much; target context and 

strategy still matter
Narrowing

Evaluator (V)
Biological assay, IND-en-

abling studies, clinical trials, 
regulatory review

Medium — experimental 
validation was also limiting

Critical — now the pri-
mary bottleneck across 

the entire pipeline
CRITICAL
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evidence integration, algorithmic credibility assessment — are 
beginning to emerge. They require substantial development be-
fore they can support the therapeutic sovereignty model [46].

18.2 Equity and the Personalization Dividend
Personalized medicine creates a fundamental equity chal-
lenge. If therapeutic optimization requires extensive individ-
ual biological data, expensive computational infrastructure, 
and AI-guided decision support, the benefits of this transition 

will accrue disproportionately to those with the resources to 
access them. The history of medical innovation provides little 
comfort: precision oncology has substantially widened survival 
gaps between high- and low-income patients despite its aggre-
gate population benefit.

Addressing this requires deliberate intervention: public in-
vestment in data infrastructure that gives all patients access to 
their own biological information; regulatory frameworks en-
suring AI-guided decision support is available across health-

Table 4. The Fifty-Year Roadmap of Drug Discovery and Pharmacotherapy

Phase Defining Transformation Key Technologies and Indica-
tors

Dominant Con-
straint

Phase 1 2025–2035 
AI-Assisted Preci-

sion Medicine

AI augments but does not replace 
human therapeutic decision-making. 
Multi-omics profiling becomes stan-

dard clinical practice. Pharmacogenom-
ics guides most drug prescribing in 

high-income settings. AI drug discov-
ery pipelines enter early clinical devel-

opment.

Foundation models for biology; 
AlphaFold3; multi-omics integra-
tion; FDA AI guidance; pharma-

cogenomics panels

Regulatory ad-
aptation; clinical 
implementation 
infrastructure

Phase 2 2035–2045 
Digital Twin Med-

icine

Individual digital twins become the 
standard site of first-pass therapeutic 
evaluation. Clinical trials incorporate 

virtual patient components. Simulation 
precedes most in vivo human testing. 
Closed-loop systems manage chronic 

disease across major therapeutic areas.

Multi-scale digital twins; or-
gan-on-chip; AI clinical trials; 

closed-loop biosensing; wearable 
pharmacokinetics

Twin validation 
methods; regulatory 
acceptance of simu-

lated evidence

Phase 3 2045–2055 
N-of-1 Therapeutic 

Design

Drug discovery routinely originates 
from individual biological contexts. 

Patient-derived biology becomes a stan-
dard manufacturing substrate. N-of-1 

adaptive trials replace traditional cohort 
designs in most therapeutic areas. Per-
sonal cell factories are clinic-adjacent.

N-of-1 discovery platforms; pa-
tient-derived organoids; person-
alized vaccines; autologous cell 
therapies; iPSC manufacturing

Manufacturing 
scale; cost of indi-
vidual production; 
intellectual prop-

erty

Phase 4 2055–2065 
Adaptive Therapeu-

tic Ecosystems

Therapy becomes a continuous process 
rather than an episodic event. Thera-

peutic operating systems integrate sens-
ing, modeling, intervention, and adap-
tation into unified ecosystems managed 
by AI. Computational authority largely 
replaces physician authority for routine 

decisions.

Therapeutic OS; recursive 
self-optimization; AI physicians; 

real-time pharmacogenomics; 
ambient biosensing

Algorithmic 
accountability; 

human oversight 
architecture; equity 

of access

Phase 5 2065–2075 
Therapeutic Sover-

eignty

Individuals organize, direct, and own 
their therapeutic ecosystems. DeSci 
provides alternative governance for 

therapeutic development. The distinc-
tion between disease management 

and capability optimization dissolves. 
The average patient ceases to exist as a 

meaningful scientific construct.

Full DeSci; patient data sover-
eignty; therapeutic DAOs; recur-
sive self-optimization; AI-native 

governance

Normative frame-
works; enhance-

ment justice; socie-
tal adaptation
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Figure 3. Projected Temporal Trajectories and Relative Systemic Impact of TAVI Clusters Over a 50-Year Horizon. Individual 
Biology & Simulation (light blue) initiates from a strong baseline before plateauing as digital modeling becomes standardized 
infrastructure. Computational Governance & Authority (purple) exhibits a steep sigmoidal acceleration, rapidly overtaking other 
domains to establish itself as the primary locus of systemic control. Continuous, Autonomous Intervention (orange) rises stea-
dily in lockstep with governing computational frameworks. New Systems & Modalities (teal) undergoes a protracted incubation 
period before accelerating mid-horizon, signaling the systemic shift toward distributed, patient-centric therapeutic ecosystems.

Figure 4. Micro-Trajectory Projections and Architectural Shift of the Twelve Individual TAVIs Across a 50-Year Timeline. This 
diagram tracks the individual evolutionary paths of all 12 TAVIs from the present baseline to a highly integrated 50-year futu-
re state, using a unified four-cluster color-coding scheme. Near-term, N-of-1 Drug Discovery, Multi-Scale Digital Twins, and 
AI-Native Therapeutic Design dominate as baseline drivers. Over the mid-to-long term, Closed-Loop Biology, Computational 
Authority, and Recursive Self-Optimization experience steep sigmoidal acceleration to form a highly optimized regulatory core. 
The DeSci and Therapeutic Sovereignty trajectories ascend rapidly in the final decades, delivering systemic control into distribu-
ted, patient-centric networks.
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care settings; international governance preventing the concen-
tration of therapeutic computing capacity in a small number of 
nations or corporations.

18.3 Authorship, Attribution, and the AI Therapeutic
When a drug candidate is identified by an AI system trained 
on proprietary biological data, designed by a generative model, 
and validated by a self-driving laboratory, who owns the result-
ing intellectual property? The question is not merely legal but 
ethical. Existing IP frameworks assume human inventors and 
institutional assignees. They were not designed for AI-native 
discovery environments in which the line between human and 
machine contribution to therapeutic innovation is systemati-
cally unclear [45,47].

A second and more immediate problem precedes the ques-
tion of ownership: the question of incentive. As the popula-
tion of rare and ultra-rare disorders requiring variant-specific 
compounds continues to grow, the per-patient economics of 
development become harder to justify under any convention-
al return model. A compound designed for one patient, or a 
handful, may never recoup its development cost regardless of 
who is credited as inventor. AI may lower the marginal cost of 
designing such a compound, but it does not resolve who bears 
the cost of validating, manufacturing, and delivering it when 
the addressable market is a single person. Without new financ-
ing models — public subsidy, pooled risk across rare-disease 
portfolios, or some restructuring of how value is captured from 
N-of-1 therapeutics — the IP question may end up moot for a 

Figure 5. Macro-Evolutionary Convergence and Long-Term Systemic Stabilization of Consolidated TAVI Functional Layers 
(2026–2076). This long-term macro-projection illustrates the consolidation of the twelve TAVIs into two functional layers, grou-
ped according to the “Authority Vector Direction” classification in Table 2: indicators describing a shift in the origin of therapeutic 
authority (data and biological substrate ownership — Indicators 1, 2, 7, 10, 11) constitute Group A, the Decentralized Biocompu-
tational Substrate; indicators describing a shift in the execution of therapeutic authority (computational control and autonomous 
intervention — Indicators 3, 5, 6, 8, 9, 12) constitute Group B, Autonomous Algorithmic Orchestration. The horizontal axis 
represents time from a 2026 baseline; the vertical axis is a qualitative index of relative systemic impact, not a measured or empi-
rically calibrated quantity. Group A's trajectory is modeled as a gradual sigmoid, consistent with historical technology-adoption 
patterns for infrastructure requiring regulatory and institutional uptake (e.g., electronic health records, genomic testing). Group 
B's trajectory is modeled as a steeper, earlier-inflecting sigmoid, consistent with the Generator-side growth dynamics described in 
the Asymmetric Epistemic Burden model (Section 16), where algorithmic capability scales faster than institutional adoption. The 
curves' intercept represents the point at which algorithmic execution capacity reaches parity with the maturity of the underlying 
data substrate; the subsequent flattening of both curves reflects saturation of the addressable institutional transition, consistent 
with standard S-curve technology diffusion dynamics. This figure is a conceptual, illustrative model derived from the TAVI 
framework and the AEB model developed elsewhere in this review. It is not based on empirical time-series data, simulation, or 
quantitative forecasting, and the specific curve shapes, inflection timing, and intercept point are heuristic rather than measured.
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large share of cases: there will be no compound to own.
The emergence of AI as an autonomous contributor to sci-

entific discovery raises parallel questions about authorship in 
academic publication — though not the question the phrase 
“AI authorship” suggests. Most journals, following ICMJE 
guidance, explicitly exclude AI systems from authorship on the 
grounds that authorship requires accountability for the work, 
which a model cannot hold. The actual point of contention is 
narrower and more practical: how to disclose and attribute sub-
stantial AI contribution to a paper's methods, analysis, or even 
hypothesis generation, without either overstating the tool's 
role or concealing it. Wang and Gong's 2026 cross-disciplinary 
analysis documents growing inconsistency across journals, 
funders, and institutions in how this disclosure is handled in 
practice [46]. Nature's 2026 editorial on AI scientists frames 
the resulting attribution problem as a defining institutional 
challenge for the research ecosystem — one the pharmaceu-
tical sector will confront in its most acute form as AI-native 
therapeutics, designed and validated with minimal human in-
tervention at individual steps, enter regulatory review, where 
the question is not who is the author but who is accountable 
for the result [19].

ConclusionConclusion
The history of pharmacotherapy can be understood as a pro-
gressive reduction in therapeutic scale, from populations to 
subpopulations, from subpopulations to individuals, and ul-
timately from individuals to continuously updated computa-
tional-biological representations of individuals. The most im-
portant discovery of the next fifty years may therefore not be a 
molecule. It may be the replacement of the average patient as 
the fundamental unit of therapeutic reasoning.
The transition from population therapeutics to therapeutic 
sovereignty is not a prediction about a possible future. It is a 
description of a directional tendency already visible in twelve 
convergent developments across pharmaceutical science, com-
putational biology, digital health, and decentralized gover-
nance.

The drugs of the future will not be merely more selective 
or more potent. They will be components of continuous thera-
peutic processes — computational-biological ecosystems orga-
nized around the individual, updated continuously rather than 
prescribed episodically, governed increasingly by the patient 
rather than by external authorities.

The institutional challenge is substantial. Regulatory frame-
works, clinical training, pharmaceutical business models, 
patent systems, equity frameworks — all were designed for a 
medicine organized around populations. Adapting them for a 
medicine organized around individuals who are computation-
ally instantiated, biologically sovereign, and therapeutically 
autonomous is the central institutional task of twenty-first cen-
tury pharmacotherapy.

The Asymmetric Epistemic Burden model identifies where 
the binding constraint now lies: not in generating therapeu-

tic ideas — which AI has made cheap and abundant — but in 
validating those ideas against biological reality [2,3]. The orga-
nizations, institutions, and nations that invest in evaluation as 
deliberately as they have invested in generation will define the 
next era of pharmaceutical innovation. Figure 5 offers a con-
ceptual map of how these forces might converge into two sta-
bilizing layers: a decentralized biocomputational substrate and 
an autonomous algorithmic orchestration layer — the long-
term architecture of therapeutic sovereignty.
The average patient is ending. The sovereign patient is begin-
ning. What comes next will be unlike anything medicine has 
seen before, and yet, in its deepest logic, it is the continuation of 
a process that has been underway for centuries: the progressive 
resolution of authority toward the individual.
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