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Abstract / Executive Summary

Decades of biomedical investment have produced vast repositories of imaging, molecular, genomic,
and longitudinal clinical data. Yet the field’s capacity to translate this abundance into reliable
predictions of individual disease trajectories remains deeply constrained. The principal obstacle
is no longer one of data quantity; it is increasingly one of scientific architecture. Heterogeneous
data streams remain fragmented across modalities and institutions, analytical workflows lack
provenance and reproducibility, and most predictive models are evaluated in isolation rather than
as components of a continuously learning scientific system.

The central scientific problem is therefore not simply the lack of data or algorithms. It is the absence
of analytical frameworks capable of integrating and evaluating evidence across multiple biological
scales, temporal horizons, and representational modalities while preserving scientific meaning.
This field guide examines how multimodal longitudinal disease modeling may require more
than advances in Al models and algorithms. It may depend upon the deliberate construction of
scientific operating systems: integrated systems spanning data, models, workflows, validation,
governance, and regulatory alignment capable of ingesting heterogeneous data, preserving evidence
provenance, supporting structured biological reasoning, and continuously refining predictions as
new knowledge accrues. Rather than proposing a single implementation, this field guide surveys
the emerging components of such a framework. The convergence of large multimodal foundation
models, knowledge graph architectures, neuro-symbolic reasoning, and agentic Al systems now
makes this aspiration technically plausible, but only if it is pursued as a coordinated systems-level
effort rather than a collection of isolated modeling advances.

Six interdependent themes emerge repeatedly across the literature and current practice:

1.Data as scientific infrastructure. Dataset engineering, harmonization, annotation, and provenance
tracking are not preparatory chores but first-class scientific activities.

2. Validation as a system-level property. Evaluation frameworks must incorporate temporal
prediction, calibrated uncertainty, and real-world robustness rather than relying solely on
conventional static performance metrics.

3. Modular and interoperable Al architectures. Foundation models, knowledge graphs, and agentic
workflows should function as coordinated systems rather than isolated tools.

4. Workflow infrastructure as a scientific asset. Al-enabled pipelines should function as auditable,
reproducible computational laboratory notebooks.

5. Precompetitive collaboration. Federated data access, shared benchmarks, and community-
governed standards are essential for cumulative scientific progress across institutions.

6. Regulatory alignment by design. Regulatory frameworks, including FDA and EMA guidance,
should shape traceability, lifecycle management, uncertainty quantification, and real-world
validation from the outset.

The corresponding engineering challenge is the coordinated construction of the scientific
infrastructure through which such frameworks become reliable, reproducible, and clinically
actionable. Whether this opportunity is realized will depend not on any single breakthrough,
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but on the collective ability to build durable, interoperable, regulatory-aligned scientific systems
through which predictive medicine becomes possible.

Scope and Intended Use

This document is intended as a periodically updated field guide for researchers, clinicians, engineers,
and policy stakeholders working at the intersection of machine learning and longitudinal disease
research. Its purpose is to survey emerging architectures, methods, infrastructure requirements,
validation frameworks, and implementation challenges across a rapidly evolving field.

The document does not propose a single preferred architecture, technology stack, regulatory
pathway, or commercial model. References to scientific operating systems, multimodal AI systems,
foundation models, knowledge graphs, agentic workflows, and related concepts are intended to
describe and organize the current landscape rather than establish standards of practice or make
claims regarding superiority, readiness, or future adoption. Readers are encouraged to view
this publication as a living resource that will evolve as technologies, evidence, and operational

experience mature.

Introduction: The Need for ML-Driven
Predictive Disease Modeling

The biomedical community now possesses
decades of heterogeneous data spanning imaging,
molecular biomarkers, genomics, pathology,
digital measures, and longitudinal clinical
trajectories (1-4). Yet despite this abundance of
information, the field still struggles to identify
early signals that reliably predict long-term
disease progression (5-8). This gap is not simply
a consequence of insufficient data accumulation;
it reflects persistent challenges in integrating
heterogeneous observations across modalities,
scales, and time (9-12).

As disease datasets become increasingly
multimodal, longitudinal, and distributed, the
challenge shifts from model development alone to
the management of the broader scientific lifecycle
in which models are created, validated, deployed,
and updated.

This shift reflects a deeper scientific
challenge. The central problem is no longer
simply acquiring more data or developing
more sophisticated algorithms. It is the
absence of analytical frameworks capable
of integrating and evaluating evidence across
multiple biological scales, temporal horizons,
and representational modalities while preserving
scientific meaning. Disease models increasingly
draw upon observations that differ in biological
interpretation, temporal resolution, evidentiary
strength, and clinical context. The challenge is not
simply to combine these heterogeneous sources.
Instead, it is to organize them into coherent
scientific representations that can support
reliable prediction, biological interpretation, and
continuous learning.

Artificial intelligence offers an important
opportunity, but not merely as a better prediction
engine. Its greater promise lies in enabling
scientific operating systems for longitudinal
disease modeling: an integrated, governed
infrastructure layer that connects multimodal data
ingestion, harmonization, provenance tracking,
model development, knowledge representation,
workflow orchestration, validation, regulatory
documentation, and post-deployment monitoring
into a continuous and reproducible lifecycle for
developing, validating, and updating disease
trajectory models (13-16).

For the purposes of this field guide, a Scientific
Operating System (SOS) may be defined as an
integrated framework that coordinates data,
knowledge, models, workflows, validation,
governance, and regulatory processes into a
continuously learning scientific lifecycle. Rather
than functioning as a single software platform,
a scientific operating system serves as an
organizational and computational architecture
through which scientific evidence is assembled,
evaluated, updated, and translated into actionable
knowledge.

Such systems can be conceptualized as a set
of interdependent layers, each corresponding to a
distinct scientific function:

Rather than treating these components as
separate activities, such systems organize them
into a coordinated framework in which data,
models, and scientific reasoning evolve together
over time. This perspective shifts the focus from
isolated predictive models to the infrastructure
required to make those models more reliable,
interpretable, reproducible, and continuously
improvable.
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Layer Purpose Concrete artifacts

Data layer Multimodal ingestion, harmonization, versioning  Data dictionaries, data contracts, cohort definitions, and missingness
maps

Knowledge layer  Biological and clinical semantics Ontologies, knowledge graphs, causal assumptions, evidence links

Modeling layer Predictive and representational models Foundation models, temporal models, survival models, graph models

Workflow layer Research automation and auditability Pipelines, agent logs, notebooks, provenance graphs

Validation layer Scientific and regulatory credibility Calibration reports, external validation, subgroup analysis, uncertainty
estimates

Governance layer Control, compliance, access, accountability Model cards, datasheets, audit logs, change-control plans, COU
documentation

Table 1. Representative interdependent layers of scientific operating systems

Scientific Operating System (SOS) for Longitudinal Disease Modeling
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Figure 1. Conceptual architecture of a Scientific Operating System (SOS). The figure illustrates the principal functional relationships
among the major components of a Scientific Operating System. It is intended as an architectural framework rather than an operational
workflow or data-processing pipeline. The connections represent three broad categories of interaction: (1) governance and oversight,
(2) human supervision and intervention, and (3) continuous learning and refinement. The architecture illustrates how these functions
interact within a continuously learning scientific ecosystem without prescribing a specific implementation or sequence of operations
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One motivating scientific challenge is
determining whether signals observed across
multiple biological scales and time horizons
can be integrated to improve understanding
and prediction of long-term disease trajectories
(17-20). Neurodegenerative disorders such as
Alzheimer’s disease provide a particularly
well-studied example of this challenge, but the
underlying problem extends to many chronic
progressive conditions in which pathology
may evolve for years or decades before clinical
recognition (21-24).

The Scientific Problem: Multimodal
Longitudinal Disease Modeling Across
Multiple Biological Scales

Heterogeneity of Biomedical Data
Modalities

A central challenge in disease modeling is
that relevant data are heterogeneous not only
in format, but in biological meaning, scale, and
evidentiary role (3, 4, 9, 25). This heterogeneity
spans both individual-centered measurements
and population-level determinants and reflects
different levels of biological and contextual (26-
28).

Individual-Centered Multimodal Data

At the individual level, disease is observed
through a diverse set of modalities, including
imaging data (e.g., MRI and PET), molecular
biomarkers, genomics and transcriptomics,
digital biomarkers derived from wearables, and
longitudinal clinical records (4, 6, 29, 30). Each
modality provides a partial and often indirect
view of the underlying biological state (31, 32).
Imaging may reflect structural or functional
changes, molecular markers may capture
biochemical processes, and clinical data encode
downstream manifestations of disease (33, 34).

These data are heterogeneous not only in
format, but in resolution, noise characteristics,
and temporal sampling (35-37). More importantly,
they do not align naturally: signals from one
modality may precede, lag, or contradict signals
from another (8, 33). An important scientific
challenge is therefore not simply to combine these
data sources, but to determine how they relate
to one another over time—how signals interact,
constrain interpretation, and collectively define
evolving disease states (44, 45).

Population-Level and Contextual

Determinants

In parallel, disease processes are shaped
by factors that operate at the population
level, including environmental exposures,
socioeconomic conditions, behavioral patterns,
public policy, culture, and broader social
determinants of health (27, 28, 38, 39). These
variables are often not tied to individual-level
biological measurements in a straightforward
way, yet they exert significant influence on
disease risk, progression, and heterogeneity (39).

The many interactions among the multiple
factors that make up social and structural
determinants are complex, interdependent,
interactive, dynamic, and multilevel, a fact
sometimes obscured when defining these terms
separately. Hence, multilevel frameworks may
be required to integrate observations across
individual and population levels, as well as across
temporal and generational scales (26, 38, 40).

Unlike individual-centered data, these
determinants are typically coarse-grained,
longitudinally diffuse, and context-dependent
(41). They introduce additional layers
of variability that may modulate or even
dominate biological signals in certain settings.
Incorporating them into disease models requires
frameworks that can link individual trajectories to
population-level structure without collapsing one
into the other (12, 42).

Implications for Modeling

The coexistence of individual-level biological
data and population-level contextual drivers
creates a fundamentally multiscale modeling
problem (9, 25, 43, 44). Effective disease models
must integrate these layers in a way that preserves
their distinct meanings while enabling interaction
across scales (12, 44). This requires not only
technical integration, but conceptual clarity about
the role each type of data plays in explaining and
predicting disease trajectories.

Temporal Complexity of Disease
Disease processes unfold across multiple,
interacting timescales, ranging from rapid
physiological fluctuations to molecular changes
that emerge over months or years, to clinical
trajectories that develop over decades (23, 24, 45,
46). These temporal layers are not independent.
Instead, they are coupled: short-term dynamics
may accumulate into longer-term change,
while slow-moving processes may constrain or



modulate faster signals (32, 47).

At the level of individual-centered data,
different modalities operate on distinct temporal
regimes (35, 37). Molecular and cellular changes
may precede detectable imaging abnormalities,
which in turn may precede clinical symptoms
(23, 24). Digital biomarkers may capture
high-frequency fluctuations that reflect early
instability, while clinical diagnoses often
represent late-stage summaries of underlying
processes (29).

Temporal complexity is further amplified
when population-level and contextual factors
are considered (39). Environmental exposures,
behavioral patterns, and social determinants
often exert their influence cumulatively over long
periods (39). These effects may interact with
individual-level biology in nonlinear ways(46,
47).

An important implication is that longitudinal
disease modeling involves more than the
aggregation of time-stamped observations (12,
46). It requires models that explicitly represent
temporal relationships across scales, including lag
structures, feedback loops, and phase transitions
between disease states (30, 47).

Temporal integration is therefore not an
auxiliary feature of disease modeling; it is one
of its defining scientific requirements. Models
that fail to account for multiscale temporal
structure risk conflating cause and consequence,
missing early predictive signals, and generating
trajectories that lack biological and clinical
validity.

The Predictive Challenge

The predictive challenge in longitudinal
disease modeling arises from the need to integrate
heterogeneous signals across both biological
scales and temporal regimes in order to generate
clinically meaningful forecasts (12, 48). It is not
a single problem, but a set of interdependent
objectives that collectively define the utility of a
disease model.

First, many disease-modeling efforts seek
to enable earlier detection of risk, identifying
signals that precede overt clinical manifestation
by years or even decades. Achieving this requires
linking subtle, often noisy patterns in individual-
centered data—such as molecular changes,
imaging features, or digital biomarkers—to long-
term outcomes. These early signals are typically
embedded within complex temporal dynamics and
must be distinguished from background variation,

aging-related change, or transient fluctuations (49,
50).

Second, models must predict divergent
disease trajectories over time, reflecting
interactions between biological mechanisms and
environmental factors. Individuals with similar
baseline profiles may follow markedly different
paths, reflecting interactions between biological
mechanisms, environmental exposures, and
contextual factors. Capturing this heterogeneity
requires models that can represent how multiscale
influences evolve and interact across time, rather
than assuming a single, average progression
pattern (8).

Third, disease-modeling frameworks are
often used to explore biologically meaningful
subtypes associated with distinct trajectories
and underlying mechanisms. These subtypes are
not merely static clusters, but often correspond
to distinct trajectories shaped by underlying
mechanisms and modulated by population-level
determinants (8). As such, subtype identification
must be integrated with temporal modeling,
allowing categories to emerge from patterns of
progression rather than being imposed a priori.

These three objectives—early detection,
trajectory prediction, and subtype identification—
are deeply interconnected and require models
that represent disease as a dynamic process rather
than a static classification problem (18). Early
signals may only be interpretable in the context
of the trajectories they predict, while meaningful
subtypes may only become apparent through
longitudinal patterns (51). A model that excels in
one dimension but neglects the other risks being
scientifically incomplete or clinically limited.

The overarching challenge, therefore, is to
develop models that can link early, multiscale
signals to future disease pathways in a temporally
coherent manner. Such models seek to move
beyond static prediction toward representations
of disease as a dynamic process. In principle,
these representations may support improved
forecasting and generate hypotheses regarding
disease progression, heterogeneity, resilience, and
potential intervention opportunities.

Emerging AI Architectures for
Multimodal Modeling

No single AI paradigm is sufficient for
multimodal longitudinal disease modeling. Deep
learning systems are powerful pattern recognizers
but are often opaque and weakly constrained by

VM&E Vol 9, 2026



2026 Field Guide to Scientific Operating Systems for Longitudinal Disease Research

biological knowledge. Symbolic systems offer
interpretability but lack statistical scalability.
Agentic systems can accelerate workflows but
introduce risks related to trust and validation.
Progress is increasingly likely to depend not on
identifying a single dominant architecture, but
on combining complementary capabilities within
integrated and interoperable systems.

Large Multimodal Foundation Models

Large multimodal foundation models
are designed to learn from diverse data types,
including imaging, clinical tabular data, omics,
and unstructured text such as electronic health
records and scientific literature, and extract
shared latent representations. Their central
promise lies in their ability to learn shared latent
representations that capture subtle, nonlinear
relationships across modalities without requiring
each interaction to be explicitly specified in
advance (52, 53). These models retain the
capacity to detect subtle, nonlinear patterns
that would be difficult to uncover through
conventional analytical pipelines, although their
effectiveness depends strongly on the quality,
scale, and representativeness of the underlying
data (54, 55).

These systems rely on transformer
architectures and attention mechanisms to model
cross-modal relationships. Different fusion
strategies can be employed, ranging from early
fusion of raw inputs to late fusion of modality-
specific embeddings, as well as cross-attention
mechanisms that explicitly model interactions
between modalities. Temporal extensions,
including time-aware transformers and sequence
models operating over patient trajectories, are
essential for capturing the longitudinal structure
of disease (56, 57).

The strengths of these models include their
ability to capture complex nonlinear relationships,
scale effectively with increasing data and
computational resources, and support transfer
learning across datasets. They are particularly
well suited for end-to-end representation learning.
However, these advantages are counterbalanced
by important limitations, including their
reliance on large, harmonized datasets, limited
interpretability, weak incorporation of prior
biological knowledge, and sensitivity to biases in
the training data (58, 59).

In the context of disease modeling, one
potential contribution of these approaches is the
identification of latent representations that may

capture patterns not directly observable within
any single modality. These representations then
may support the prediction of future trajectories,
the identification of early predictive signatures,
and the discovery of transitional states between
health, risk, and overt disease. Their value is
often greatest when coupled with systems that can
interpret and validate the patterns they uncover.

Knowledge Graph and Symbolic AI

Approaches

Knowledge graph and symbolic approaches
address the complementary challenge of
representing biomedical knowledge in forms
that are explicit, interpretable, and amenable to
reasoning. Knowledge graphs encode biomedical
entities and relationships in structured form,
enabling reasoning and hypothesis generation (60-
62). They are particularly useful for incorporating
prior knowledge, representing biological
relationships, and providing structured contexts
in which causal hypotheses may be explored
(63, 64). In these systems, biomedical entities
such as genes, proteins, diseases, biomarkers,
and patients are represented as nodes within a
graph, while relationships—causal, associative,
or temporal—are encoded as edges. This
structured representation enables the organization
of scientific knowledge in a way that supports
querying, hypothesis generation, and reproducible
interpretation.

These approaches typically rely on components
such as ontologies that define hierarchical
relationships between entities, knowledge graphs
that encode structured relationships, logical
reasoning engines that support inference, and
query systems that enable exploration of the
knowledge base. Their primary strengths lie in
their interpretability, transparency, and ability
to incorporate prior biological knowledge,
particularly from the scientific literature. They
are well suited for supporting structured reasoning
and mechanistic hypothesis generation.

However, symbolic systems face challenges in
scaling to high-dimensional raw data and often
require substantial effort for curation, although
this process is increasingly being augmented
by AI. Their limited ability to capture complex
statistical patterns restricts their standalone
utility for predictive modeling. As a result, their
greatest value lies in complementing data-driven
approaches by providing structure, context, and
interpretability.



Hybrid Neuro-Symbolic Architectures

Neuro-symbolic systems integrate statistical
learning with structured reasoning to improve
interpretability and generalization. They are
particularly useful in biomedical settings where
prior knowledge is essential. Hybrid neuro-
symbolic architectures aim to bridge the gap
between statistical learning and knowledge-driven
reasoning. These systems are motivated by the
recognition that many biomedical questions
cannot be addressed solely through correlations
extracted from data, nor can biomedical
knowledge be maintained solely through manual
curation. Instead, they seek to integrate the
strengths of both paradigms (65, 66).

In practice, such systems may operate by
allowing neural models to generate embeddings
that are mapped into knowledge graphs, or by
using structured knowledge to constrain or
regularize neural learning. Iterative feedback
loops are often employed, in which models
propose hypotheses that are then evaluated,
refined, or rejected using symbolic reasoning
systems.

The advantages of this approach include
improved interpretability, better generalization
in settings with limited or noisy data, and the
ability to incorporate biological priors into
the modeling process. At the same time, these
systems introduce significant complexity, require
high-quality structured knowledge, and lack
standardized implementation frameworks. Despite
these challenges, they are particularly well suited
for longitudinal disease modeling, where the
goal is to link temporal statistical patterns with
underlying biological mechanisms.

Agentic AI Systems for Research
Workflows

Recent advances in agentic Al have renewed
interest in treating research workflows, rather than
individual models alone, as units of innovation
and optimization. These systems consist of
autonomous or semi-autonomous agents
capable of performing a wide range of tasks and
orchestrating complex workflows, including

reading scientific literature, extracting structured
knowledge, writing and executing code, running
analyses, evaluating results and generating
hypotheses (67-69).

Such systems are typically built around
large language model-based agents that handle
reasoning and planning, combined with tool-
use capabilities that allow interaction with
external resources such as APIs, databases,
and computational environments. They also
incorporate memory systems, including
knowledge graphs and vector stores, and
workflow orchestration mechanisms that enable
multi-step pipelines. A common pattern is the
implementation of structured workflows that
move through stages such as source identification,
data ingestion, analysis, and reporting.

The primary strength of agentic systems lies
in their ability to dramatically accelerate research
cycles, improve reproducibility through structured
and auditable workflows, and enable large-scale
integration of knowledge and data. They also
facilitate new forms of human—AI collaboration.
However, they introduce risks related to error
propagation across automated pipelines,
dependence on underlying foundation models,
and challenges in ensuring trust, transparency, and
validation(70, 71).

In disease modeling, agentic systems may
support activities such as multimodal data
assembly, hypothesis generation, workflow
orchestration, and model evaluation. Their
significance lies not only in automation, but in
their potential to reshape how scientific work is
conducted.

Comparative Perspective: Why No
Single Architecture May Be Sufficient

Each architectural paradigm offers distinct
strengths and limitations. Multimodal foundation
models excel at large-scale pattern discovery but
are often opaque and data-intensive. Knowledge
graph approaches provide interpretability and
support reasoning but are difficult to scale.
Neuro-symbolic systems offer a balance between
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Architecture Type Strength
Multimodal Foundation Models
Knowledge Graphs

Neuro-Symbolic Systems Balance of both

Agentic Al Systems

Pattern discovery at scale

Interpretability, reasoning

Workflow automation

Weakness

Opaque, data-hungry
Limited scalability
Complexity

Trust/validation

Best Role

Representation learning

Mechanistic context
Robust modeling

Research acceleration

Table 2. Different Al architectures offer distinct strengths and limitations
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these approaches but introduce integration
complexity. Agentic systems enable workflow
automation and research acceleration but raise
concerns about validation and trust.

The central implication is that no single
architecture currently appears capable of meeting
all the scientific and technical requirements of
multimodal longitudinal disease modeling. Many
emerging systems combine these approaches
in a coordinated and modular manner. These
differences can be summarized as follows (Table
2):

This comparison underscores the need for
integrated, rather than singular, architectural
approaches.

Toward an Integrated Scientific
Operating System

One emerging direction is the development
of integrated scientific operating systems in
which different AI components serve distinct but
interoperable roles. In such a system, foundation
models can learn distributed representations
from heterogeneous data, knowledge graphs
can encode domain structure and biological
relationships, and agentic systems can orchestrate
workflows for data integration, modeling, and
validation. Human experts remain essential for
framing scientific questions, interpreting results,
and adjudicating uncertainty.

This systems-level perspective is consistent
with emerging views of Al as infrastructure
rather than isolated tools (7, 14, 71). The strategic
objective is therefore not architectural purity, but
modular interoperability and coordination.

Key Takeaways for the Section

Multimodal longitudinal disease modeling
appears to be a multi-paradigm problem that is
unlikely to be addressed by any single class of
models. Pure deep learning approaches may be
insufficient for many disease-modeling tasks
without complementary sources of structured
knowledge, validation, or domain expertise.
Agentic Al introduces a new dimension by
enabling the automation of scientific workflows.
Current trends suggest increasing interest in
modular and interoperable Al ecosystems in
which different components complement one
another. An important area of current exploration
is how improved integration among models, data
resources, workflows, and scientific processes
may complement advances in model scale and
capability.

From Models to Workflows: AI as
Scientific Infrastructure

AT has the potential to reshape not only
individual modeling tasks, but the entire structure
of the scientific research pipeline. Its significance
lies in enabling integrated infrastructure that
connects literature, data, computation, reasoning,
validation, and reporting into continuous
workflows.

Al-Enabled Knowledge Curation

Agentic Al systems can ingest scientific
literature and extract structured knowledge,
transforming publications into machine-
readable resources that can be incorporated
into computational workflows (72-75). This
represents a significant shift in the role of
scientific literature. Traditionally, publications
have served as narrative outputs intended for
human interpretation. With Al-enabled curation,
the literature itself becomes a machine-readable
substrate that can be directly incorporated into
computational workflows.

This transformation allows scientific
knowledge to be continuously updated,
systematically organized, and explicitly linked
to supporting evidence. As a result, literature
curation evolves from a manual, episodic activity
into an ongoing, computationally supported
process.

Structured Scientific Reasoning
Pipelines

Al-enabled systems can be conceptualized
as structured reasoning pipelines, progressing
from data ingestion to analysis and reporting
(76). These pipelines typically begin with the
identification of relevant sources, followed by
the ingestion and integration of data. Subsequent
stages involve extracting relationships and
patterns, conducting computational analyses, and
generating reports or visualizations (15, 71).

The distinguishing feature of this approach
is not merely task automation, but the explicit
structuring of the scientific process itself. Each
stage contributes to an explicit chain of reasoning
that can be inspected, challenged, validated,
and reproduced. This structure is essential for
maintaining scientific rigor as workflows become
increasingly automated, enabling reproducibility
and auditability of scientific reasoning (77).



Al as a “Computational Laboratory
Notebook”

When combined with structured data
representations and workflow systems,
Al-enabled workflow systems can function as
computational laboratory notebooks. In this role,
they record not only results, but the full sequence
of steps that produced them, including data
sources, transformations, model configurations,
and intermediate outputs (78-80).

This capability has important implications
for reproducibility and collaboration. By
preserving provenance and enabling transparent
inspection of analytical processes, such systems
support more reliable validation and facilitate
shared scientific understanding across teams. In
biomedical research, where conclusions often
depend on complex chains of evidence, this level
of traceability is essential for establishing trust
and credibility (80-82).

These capabilities do not replace scientific
expertise; rather, they provide mechanisms
for organizing, documenting, and evaluating
increasingly complex scientific workflows.

Data as Scientific Infrastructure:
Integration, Engineering, and
Provenance

A recurring assumption in the field is that
theA recurring assumption in the field is that
the primary barrier to progress in multimodal
disease modeling is algorithmic. Yet many of
the obstacles limiting scientific progress arise
well before model development begins. Data are
fragmented across institutions, collected under
different protocols, annotated according to
inconsistent conventions, and observed unevenly
across time. Metadata are incomplete, provenance
is often poorly documented, and substantial effort
is required to reconcile heterogeneous sources
into scientifically coherent datasets. These
bottlenecks are not primarily computational; they
are scientific, organizational, and infrastructural.

Addressing them demands a fundamental
reorientation, one in which data integration,
engineering, harmonization, and provenance are
recognized not as preparatory logistics, but as
first-class scientific activities deserving the same
rigor, expertise, and institutional investment as
model development itself (14).

The Fragmentation Problem
Biomedical datasets relevant to longitudinal
disease modeling are heterogeneous not only

in format, but in meaning, evidentiary status,
and temporal structure. Imaging data differ in
acquisition protocols, reconstruction algorithms,
and field strengths (4, 9). Molecular and genomic
assays vary across platforms and preprocessing
pipelines. Clinical records reflect inconsistent
coding practices, missing observations, and
evolving diagnostic criteria. Digital biomarker
streams operate at timescales and resolutions that
rarely align with clinical assessment windows.
The result is not merely a data management
challenge; it is a scientific one. Combining these
streams without careful reconciliation introduces
biases, obscures signals, and produces models
that may generalize poorly across cohorts or
institutions.

Cross-study harmonization compounds this
challenge. Inconsistent ontologies, missing or
non-standardized metadata, and incompatible
cohort structures make direct integration
unreliable. Temporal misalignment, particularly
when datasets were not designed with
longitudinal modeling in mind, further limits the
biological interpretability of integrated analyses
(83). These problems are not solved by acquiring
more data; they require deliberate investment in
harmonization infrastructure, shared standards,
and iterative reconciliation workflows (84).

Integration as a Continuous,
Al-Assisted Process

Conventional approaches tend to treat data
harmonization as a one-time preprocessing step
performed prior to modeling. This framing is
insufficient for multimodal, longitudinal science,
where both data and knowledge evolve over time
(76). A more appropriate paradigm is to treat
integration as a continuous and iterative process
rather than a one-time step (14).

Al systems may play an important role in
enabling this shift. They can support automated
schema mapping across heterogeneous datasets,
assist in aligning or generating ontologies, and
facilitate cross-modal and cross-cohort entity
resolution (85). More importantly, they enable the
continuous reconciliation of datasets, metadata,
and labels as new information becomes available.
In this sense, the value of Al lies not only in
automation, but in transforming integration into a
dynamic and adaptive component of the scientific
workflow.

VM&E Vol 9, 2026



2026 Field Guide to Scientific Operating Systems for Longitudinal Disease Research

10

Dataset Engineering as a Scientific
Discipline

If data quality represents a major rate-limiting
factor in disease modeling—as a growing body
of evidence suggests—the scientific community
must invest accordingly. Dataset engineering
should therefore be recognized as a first-class
scientific discipline rather than a technical
preprocessing task.

This discipline encompasses a range
of activities, including the annotation and
enrichment of labels, the adjudication of
ambiguous or conflicting data points, the
detection and correction of errors, missing data
handling, hard-negative identification, benchmark
construction, the explicit representation of
uncertainty, and the iterative refinement of cohort
definitions (86). Reframing dataset engineering
in this way shifts the focus of effort from purely
model-centric optimization toward improving the
fidelity, consistency, and scientific usability of the
underlying data (14).

Annotation and label enrichment

Many longitudinal biomedical datasets suffer
from sparse, inconsistent, or retrospectively
applied labels. The challenge is not to collect
more data, but to increase the information content
of data that already exist. Al-enabled approaches,
including weak supervision and label propagation,
LLM-assisted extraction of structured variables
from clinical narratives, and computer vision
annotation of imaging features, can substantially
expand the usability of existing datasets (87, 88).
However, these approaches must themselves be
validated: automatically generated labels carry
their own error distributions, which must be
characterized and managed rather than treated as
ground truth (89).

Error detection and data auditing
Biomedical datasets routinely contain
mislabeled samples, measurement artifacts, cohort
inconsistencies, and cross-modal conflicts; for
example, imaging findings inconsistent with
clinical diagnosis. AI models can be deployed
diagnostically as well as predictively: trained
models can flag samples that strongly disagree
with learned patterns, surface boundary cases
for expert review, and identify systematic
inconsistencies across data sources. This use of
Al to audit and improve data quality, rather than
simply to extract predictions from it, represents
an underutilized and high-leverage application

that should be treated as a standard component of
modeling pipelines (90).

Missing data and temporal imputation

Longitudinal datasets are inherently
incomplete. Participants drop out, assessments
are missed, and modalities are not uniformly
collected across cohorts or time points.
Approaches including Gaussian process models,
transformer-based temporal imputation, and
cross-modal inference can partially address
these gaps, but they carry a critical risk. When
missingness is itself biologically or clinically
informative (e.g., when cognitive decline drives
attrition), imputation models may introduce
systematic distortion. Missing data strategies must
therefore be designed with explicit awareness
of the mechanisms driving incompleteness, and
imputed values should propagate uncertainty
rather than assert false precision (91, 92).

Hard-negative mining and dataset

refinement

Among the most scientifically valuable, and
most underutilized, strategies in disease modeling
is the deliberate identification and incorporation
of hard negatives: individuals who resemble
cases by available biomarker profiles but do not
progress, or whose phenotypic boundaries are
genuinely ambiguous. These samples are not
noise; they sit at the real boundary of disease
biology, and their inclusion can substantially
sharpen model discrimination and early-signal
detection. Al systems can identify samples near
decision boundaries, detect potential mislabeling
of apparent negatives, and prioritize cases for
expert adjudication. Over multiple cycles, this
creates a closed-loop refinement system in
which model outputs improve dataset quality,
and improved datasets in turn improve model
performance, a virtuous loop that is potentially
more impactful than many individual modeling
advances (93).

Al-Enabled Feedback Loops for

Dataset Improvement

The examples above point to a broader shift
in how AI may contribute to longitudinal disease
modeling. Al systems should not be viewed only
as tools for generating predictions from finished
datasets. They can also support the iterative
improvement of the datasets themselves by
identifying inconsistencies, surfacing uncertain
cases, detecting missingness patterns, and



prioritizing samples for expert review.

In this framing, dataset construction and
model development are not strictly sequential
stages. Instead, they form a feedback loop.
Models trained on existing data can identify cases
that appear mislabeled, under-characterized,
internally inconsistent, or unusually informative.
These cases can then be reviewed by domain
experts, reconciled against additional evidence,
and incorporated into revised dataset versions.
Updated datasets can then support improved
models, which in turn can guide further
refinement.

This feedback structure is especially important
in longitudinal disease research, where labels may
be uncertain, outcomes may evolve over time,
and the boundary between risk, early disease,
and overt clinical disease may be ambiguous.
Rather than treating such ambiguity as noise to
be removed, Al-enabled workflows can help
make uncertainty visible and actionable. The goal
is not to automate scientific judgment, but to
focus expert attention on the cases, variables, and
assumptions most likely to affect model validity.

Viewed in this way, Al-assisted curation
becomes part of the scientific operating system
itself: a mechanism for linking prediction, data
quality, expert adjudication, provenance, and
iterative learning. The value of such systems lies
not simply in producing better models, but in
creating datasets whose structure, assumptions,
uncertainties, and revisions are more transparent
over time.

Informative Samples and Iterative

Refinement

In disease modeling, not all data points
contribute equally to scientific insight. Particular
value lies in samples that sit near the boundaries
of disease definition, including individuals who
resemble cases but do not progress, ambiguous
or borderline phenotypes, and individuals who
exhibit resilience despite high risk. These “hard
negatives” and edge cases can sharpen model
discrimination, improve early detection, and
reveal biologically meaningful distinctions that
are otherwise obscured.

Al systems can help identify such informative
samples by detecting cases near decision
boundaries or highlighting inconsistencies in
labeling. This enables a closed-loop process of
dataset refinement in which models are used to
identify uncertain or misclassified cases, which
are then re-evaluated by experts, incorporated

back into the dataset, and used to retrain improved
models. Over time, this iterative cycle leads to
progressively higher-quality datasets, and more
robust and generalizable models (93).

Benchmarking and Evaluation

Ecosystems

Meaningful progress in the field requires
benchmark datasets that reflect the true
complexity of multimodal longitudinal disease
modeling. Many existing benchmarks are limited
in that they focus on a single modality, rely on
cross-sectional data, or lack sufficient scale and
diversity.

Next-generation benchmarks should integrate
multiple data types, including imaging, omics,
clinical records, and digital biomarkers, while
capturing longitudinal trajectories over time (77).
They should also incorporate standardized yet
flexible outcome definitions and represent diverse
populations to ensure generalizability.

A central challenge in this context is
that ground truth is often uncertain and
evolves over time, particularly in chronic
and neurodegenerative diseases. Evaluation
frameworks must therefore move beyond
static labels and incorporate probabilistic
representations, trajectory-based outcomes, and
uncertainty-aware metrics. Measures such as
time-to-event prediction accuracy, early detection
performance, and calibration of uncertainty are
likely to be more informative than traditional
metrics such as accuracy or AUC alone (77, 94).
Open benchmarking ecosystems, including shared
evaluation platforms and reproducible pipelines,
will be essential to support cumulative and
transparent progress. The TRIPOD+AI reporting
framework represents one emerging approach
for transparent and reproducible reporting of
prediction model performance (95).

Provenance,
Reproducibility

Traceability of data and transformations
is critical for scientific credibility. Robust data
infrastructure requires that every data point,
derived feature, and transformation be fully
traceable. This includes not only the original
source of the data, but also the sequence of
preprocessing steps, transformations, and updates
that it has undergone.

Machine-readable metadata standards
and shared ontologies are critical for enabling
interoperability across datasets and institutions

Metadata, and
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(78-80). In addition, reproducible data pipelines —
supported by dataset versioning, containerized
workflows, and transparent documentation—
are essential for ensuring that results can be
validated, reproduced, and extended (76, 81).
These capabilities are not merely technical
conveniences; they are foundational requirements
for scientific credibility and trust. As Al systems
increasingly contribute to data annotation,
label generation, and dataset refinement, the
provenance chain must extend to these Al-assisted
transformations as well. A scientific operating
system for longitudinal disease modeling
must treat data lineage as a first-order design
requirement, not an afterthought.

Key Takeaways

Across many disease-modeling applications,
data quality, integration, engineering, and
provenance appear to represent major constraints
on progress, often rivaling or exceeding model
complexity as limiting factors. Integration must
therefore be treated as a continuous process
rather than a one-time preprocessing step. Dataset
engineering should be elevated to a core scientific
discipline, supported by both human expertise and
Al systems. Importantly, Al should be used not
only to generate predictions, but also to improve
data quality, expose uncertainty, and guide
iterative refinement. The most effective systems
will be those that tightly couple data curation,
validation, and modeling in an ongoing feedback
loop.

Continued advances in model architecture
will remain important, but long-term progress
is likely to depend equally on investments in
scientific infrastructure, integration, engineering,
benchmarking, and provenance.

Trust, Validation, and Reproducibility

Al systems can produce plausible but
incorrect outputs, necessitating robust validation
frameworks. Reliability is necessary in
biomedical research and medical care, but is not
sufficient (96). Biomedical Al therefore requires
validation frameworks that extend beyond
performance alone (97, 98).

This requirement becomes even more urgent
as Al systems move from isolated analytical tasks
toward end-to-end orchestration of literature
review, data integration, model building, and
reporting. The more capable the workflow,
the greater the need for explicit validation and
auditable control points.

Risks of AI-Generated Analysis

Al systems can generate analyses that are
fluent, sophisticated, and apparently rigorous
while still containing subtle conceptual, statistical,
or implementation errors. In biomedical contexts,
such errors are particularly concerning because
they may not be immediately apparent, yet can
propagate through downstream analyses leading
to compounding failures, and create unwarranted
confidence in incorrect conclusions (71).

As Al systems expand from isolated modeling
tasks to orchestrating entire research workflows—
including literature review, data integration,
model development, and reporting—the scope
and impact of these risks increase. Errors
introduced at early stages of the pipeline may be
amplified as they are incorporated into subsequent
steps, especially when intermediate outputs are
treated as reliable inputs (70). This creates the
potential for compounding failure modes that are
difficult to detect through conventional validation
approaches (15, 99).

A further challenge is that Al-generated outputs
are often optimized for coherence and apparent
completeness rather than empirical correctness.
As a result, systems may produce results that
are internally consistent but not externally valid,
particularly when operating at the limits of
available data or outside their training distribution
(100). In high-stakes biomedical settings, this
combination of fluency and fallibility represents
a significant risk, underscoring the need for
validation frameworks that are both rigorous and
deeply integrated into the workflow.

Verification Mechanisms

Validation must be embedded throughout the
workflow, including uncertainty estimation and
benchmarking, rather than appended after the
fact. As Al systems take on larger portions of
the scientific process, including data integration,
model development, and analysis, the risk of error
propagation increases (76). This makes it essential
to embed verification mechanisms at multiple
stages of the pipeline, ensuring that outputs are
continuously evaluated rather than retrospectively
checked (77).

One emerging approach is the use of multi-
agent validation pipelines, in which different
components of the system independently
generate, review, and critique results. In such
architectures, “worker” agents perform analyses
while “checker” or “auditor” agents evaluate
the validity of those outputs, helping to identify



inconsistencies, methodological errors, or
unsupported conclusions (67). This introduces
a form of internal redundancy that can improve
robustness, particularly in complex, multi-step
workflows (68).

In addition, uncertainty scoring provides a
systematic way to assess the confidence of model
outputs. By quantifying uncertainty at the level
of predictions, models can signal when outputs
are unreliable or fall outside the domain of the
training data. This is particularly important in
biomedical contexts, where overconfidence
in incorrect predictions can have significant
downstream consequences (94).

Benchmark datasets also play a critical
role in verification by providing standardized
reference points against which models can be
evaluated (77). When combined with reproducible
evaluation pipelines, benchmarks enable
consistent comparison across models and ensure
that performance claims are grounded in shared,
transparent criteria.

Finally, human-in-the-loop oversight remains
essential. While AI systems can automate
many aspects of validation, expert judgment is
required to interpret ambiguous cases, adjudicate
conflicting evidence, and ensure that results are
clinically and biologically meaningful (101).
Effective verification frameworks therefore
combine automated validation mechanisms
with targeted human review, creating a layered
approach to trust and reliability.

Provenance and Transparency

Trust in Al-enabled biomedical systems
depends not only on the accuracy of their outputs,
but also on the transparency of the processes
that generate them. Provenance —the ability
to trace results back through their underlying
data sources, transformations, analytical steps,
and model configurations—is therefore a
foundational requirement for scientific credibility,
reproducibility, and practical usability.

In complex Al-enabled workflows, provenance
must extend across the entire analytical lifecycle,
including data ingestion, preprocessing, model
development, inference, validation, and reporting
(78). Each stage introduces decisions and
transformations that can influence downstream
results. Without explicit traceability, it becomes
difficult to diagnose errors, reproduce findings,
assess reliability, or understand why a particular
conclusion was reached (80). Provenance is
therefore not simply a record-keeping exercise;

it is an essential mechanism for understanding,
evaluating, and validating the behavior of the
system as a whole (79).

Achieving this level of traceability requires
more than documentation alone. Structured
metadata frameworks, versioned datasets,
reproducible workflows, and machine-readable
representations of data and model relationships
provide the infrastructure necessary for end-
to-end transparency (81). Knowledge graphs
and related knowledge-management systems
can further support these goals by linking data
sources, analytical processes, assumptions,
models, and outputs within a coherent and
queryable framework.

Transparency also enables auditability and
accountability. Systems should provide clear
documentation of inputs, assumptions, model
configurations, performance characteristics,
and known limitations, allowing researchers,
clinicians, regulators, and other stakeholders
to evaluate the validity and applicability of the
resulting outputs. This requirement becomes
increasingly important as Al systems assume
larger roles in biomedical research, clinical
decision support, and drug development
workflows.

Taken together, provenance and transparency
transform Al systems from opaque computational
tools into auditable scientific instruments. They
support reproducibility, enable continuous
validation, facilitate collaborative review, and
provide mechanisms for integrating human
judgment into increasingly automated workflows.
As such, they are foundational components of
any scientific operating system intended for high-
stakes biomedical applications.

Key Takeaways

The central lesson is that validation cannot
be treated as a discrete step applied after model
development. Rather, it must be embedded
throughout the scientific workflow, encompassing
data quality, uncertainty quantification,
provenance, transparency, reproducibility, and
human oversight. In this sense, validation is
not solely a property of individual models, but
of the broader scientific system in which those
models are developed, evaluated, deployed, and
continuously updated.

As Al systems move from research
environments into clinical and drug development
settings, many of these scientific requirements
increasingly intersect with formal regulatory
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expectations. The following section examines
how emerging regulatory frameworks seek to
operationalize these principles in practice.

Regulatory Considerations and
Clinical Translation

As disease models move from exploratory
research into clinical and drug development
contexts, validation requirements must become
formalized within regulatory frameworks. In
this context, Al systems are no longer evaluated
solely on predictive performance, but on their
ability to support reliable, auditable, and clinically
meaningful use (48). Regulatory frameworks
therefore represent not an external constraint, but
a defining component of any scientific operating
system intended for real-world biomedical impact
(16, 102).

The validation requirements described in this
section are not merely scientific best practices.
For Al-driven disease models intended to support
drug development, inform clinical trial design,
or contribute to regulatory decision-making,
they increasingly reflect formal regulatory
expectations. The regulatory landscape governing
Al in biomedicine has evolved rapidly, with
agencies emphasizing risk-based evaluation,
lifecycle management, and explicit specification
of intended use (103). Research institutions and
development teams that treat regulatory readiness
as a downstream concern — something to address
when a model is «ready» — face a structural
disadvantage. Regulatory alignment must be
designed into modeling workflows from the
outset, not retrofitted after scientific conclusions
are drawn.

Two frameworks are of particular relevance
to multimodal longitudinal disease modeling: the
frameworks governing AI/ML as components
of drug development tools and clinical decision
support, and the frameworks governing Al-based
software as a medical device. Though distinct
in their regulatory pathways, both share an
emphasis on transparency, risk-proportionate
validation, lifecycle management, and the explicit
characterization of a model’s intended context of
use.

FDA Frameworks for AI in Drug
Development

In January 2025, the FDA published draft
guidance titled Considerations for the Use of
Artificial Intelligence to Support Regulatory

Decision-Making for Drug and Biological
Products— its first formal guidance specifically
addressing AI use in drug development
submissions (104). The guidance establishes a
risk-based credibility assessment framework:
the evidentiary standard required to establish
confidence in an Al model’s outputs is calibrated
to the significance of the regulatory decision that
those outputs inform. For disease progression
models that contribute to trial design, endpoint
selection, or patient stratification, this framework
has direct implications. It is not sufficient to
demonstrate that a model performs well on a
held-out test set; sponsors must characterize the
model’s context of use, document its development
and training data, demonstrate its performance
under conditions representative of the intended
application, and — critically — identify and
disclose limitations that may affect the reliability
of model-derived conclusions (16, 103).

For Al-enabled software functions that meet
the definition of a medical device — including
clinical decision support tools derived from
disease models — the FDA’s January 2025
draft guidance on Artificial Intelligence-
Enabled Device Software Functions: Lifecycle
Management and Marketing Submission
Recommendations applies a Total Product Life
Cycle (TPLC) approach (105). This framework
requires documentation of model architecture and
training data lineage, performance validation tied
to specific clinical claims, bias assessment and
mitigation strategies, and a plan for real-world
performance monitoring following deployment.
Institutions developing or deploying Al-derived
disease models in clinical or trial contexts should
treat these requirements not as external regulatory
constraints, but as a design specification for
trustworthy scientific infrastructure.

The Drug Development Tool Qualification
Pathway: For research teams developing
multimodal disease models with potential drug-
development utility, the DDT pathway provides
an important example of how Al-derived
measurements may progress from exploratory
tools toward formally qualified regulatory
instruments. The evidentiary requirements are
substantial, and qualification timelines have
historically extended over multiple years.

Predetermined Change Control Plans: One of
the most consequential regulatory developments
for adaptive Al systems is the original issuance
in December 2024 and update in August 2025 of
the FDA’s guidance on Predetermined Change



Control Plans (PCCPs) for Al-enabled device
software functions (106). A PCCP allows
developers to pre-specify, at the time of marketing
submission, how an Al model may be updated
post-deployment — including retraining on
new data or expanding to new subpopulations
— without requiring a full resubmission for
each covered change. The plan must specify in
advance the modification categories, the data and
testing requirements that govern each change,
performance acceptance criteria, and a monitoring
and deployment protocol.

The PCCP framework is especially relevant
to longitudinal disease models, which are
expected to improve as new data accrue and
whose performance characteristics may shift as
patient populations, measurement technologies,
or clinical standards evolve. Designing a disease
modeling system with PCCP-compatible update
governance — specifying in advance how the
model will be retrained, what performance
benchmarks must be maintained, and how users
will be notified of version changes — is both
a regulatory best practice and a scientific one.
It encourages the level of specification that
reproducible modeling requires.

EMA and International Regulatory

Convergence

The European Medicines Agency published
its final Reflection Paper on the Use of Artificial
Intelligence in the Medicinal Product Lifecycle
in September 2024, establishing expectations for
Al transparency, traceability, and performance
monitoring across the drug development
continuum (107). The paper applies a risk-based
approach calibrated to the regulatory impact of
each Al application: tools that directly inform
benefit-risk assessments, endpoint determination,
or safety signals are subject to the highest
evidentiary expectations, while tools used in
exploratory or internal workflow contexts face
lighter obligations.

Importantly, the FDA and EMA jointly
published ten guiding principles for good Al
practice in drug development in January 2026
— reflecting the outcome of sustained bilateral
collaboration initiated at their April 2024 meeting
(108). These principles articulate a shared
framework emphasizing human-centric design,
risk-proportionate validation, data governance,
and transparent lifecycle management. Their joint
publication signals a meaningful convergence in
regulatory expectations across jurisdictions and

may underpin future formal guidance from both
agencies. For global drug development programs,
designing Al-driven disease models against these
shared principles — rather than against either
jurisdiction’s guidance in isolation — is both
strategically and scientifically sound.
Additionally, the EU AI Act, which entered
into force in August 2024 with phased application
through 2026-2027, classifies Al systems used for
clinical decision support and patient risk profiling
as high-risk under its framework. High-risk Al
systems are subject to mandatory conformity
assessments, continuous performance monitoring,
explainability requirements, and human oversight
controls. For disease modeling systems deployed
in European clinical or trial contexts, compliance
with the EU AI Act’s obligations will layer
onto — and in some cases exceed — existing
pharmaceutical regulatory requirements.

Model Calibration and Uncertainty as

Regulatory Expectations

A consistent thread across FDA, EMA, and
international frameworks is the treatment of model
calibration and uncertainty quantification not as
optional technical refinements, but as core evidentiary
requirements. A model that produces well-calibrated
probability estimates — in which stated confidence
levels correspond to observed event rates — is far
more defensible in a regulatory context than one
optimized for classification accuracy alone (109).
Poorly calibrated models may produce overconfident
predictions that misrepresent risk, particularly when
applied to populations or conditions that differ from
the training data. Addressing this issue requires explicit
evaluation of model performance across subgroups and
under conditions of distribution shift (16, 58, 110).

For disease progression models, where predictions
may inform consequential decisions about trial
eligibility, intervention timing, or drug approval, the
distinction between a model’s apparent performance
and its actual reliability under real-world conditions is a
regulatory concern, not merely a scientific one.

Regulatory submissions involving Al-derived
disease models should therefore include: explicit
characterization of uncertainty in model predictions;
calibration analyses across clinically relevant
subgroups; temporal validation demonstrating
that model performance holds across time periods
not represented in training data; and assessments of
performance under distribution shift — including
across sites, cohorts, and patient populations that differ
from those used for development. These requirements
align directly with the scientific validation priorities
described in the previous sections, underscoring
that regulatory readiness and scientific rigor are not
competing objectives. In many cases, the practices
required to satisfy regulatory evidentiary standards also
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FDA

FDA

FDA

FDA

EMA

FDA-EMA

Issuing Institution

Title and Description

Draft Guidance — Al in Drug Development
Considerations for the Use of Al to Support Regulatory Decision-Making for Drug and Biological
Products. Risk-based credibility assessment framework.

Draft Guidance — Al-Enabled Device Software Functions: Lifecycle Management and Marketing
Submission Recommendations.
TPLC approach; bias, data lineage, monitoring requirements.

Final Guidance — PCCP
Marketing Submission Recommendations for a Predetermined Change Control Plan for Al-Enabled
Device Software Functions; pre-specified post-market update governance.

DDT Qualification Program
21st Century Cures Act, Section 507. Biomarker, COA, and ISTAND pathways. First Al-based DDT
qualification (MASH histopathology, Dec. 2025).

Reflection Paper on Al
Use of Artificial Intelligence in the Medicinal Product Lifecycle.
Risk-based approach; GxP alignment; transparency and traceability requirements.

Ten guiding principles for good Al practice in drug development
Shared framework underpinning future guidance from both agencies

Date
January 2025

January 2025

December 2024

December 2025

September 2024

January 2026

Table 3. Key regulatory instruments

16

strengthen scientific trustworthiness, reproducibility,
and transparency.

Key Takeaways

The regulatory landscape for Al in drug
development and clinical decision support
has evolved rapidly since 2024. FDA, EMA,
and international frameworks increasingly
converge around a shared set of expectations:
risk-proportionate validation, transparent
lifecycle management, explicit context-of-use
specification, uncertainty characterization, and
continuous performance monitoring. These
are not compliance hurdles to be addressed at
the end of a modeling project; they are design
requirements that influence how disease-modeling
systems are conceived, developed, evaluated, and
maintained.

More broadly, the convergence between
scientific and regulatory expectations highlights
a central theme of this field guide: trustworthy
disease modeling depends not only on model
performance, but on the infrastructure,
workflows, governance mechanisms, and
validation processes that surround the model. In
this sense, regulatory alignment is not separate
from the scientific operating system—it is one
of the mechanisms through which scientific
credibility is translated into real-world biomedical
use.

Institutional Transformation and
Scientific Control

Institutions that function primarily as
consumers of external technologies may
achieve short-term gains in efficiency, but can
become increasingly dependent on external
actors for standards, validation frameworks,
workflow design, and technical infrastructure
(14, 86). The scientific and technical vision
described in this whitepaper — a modular,
interoperable, continuously learning operating
system for longitudinal disease modeling
— cannot be built by any single institution.
No organization, however well-resourced or
scientifically distinguished, possesses the breadth
of longitudinal data, the diversity of patient
populations, the range of domain expertise, the
computational infrastructure, and the governance
legitimacy required to construct this ecosystem
unilaterally. The history of biomedical science
offers no successful precedent for solving
problems of this scale and complexity in isolation.

Recognizing this reality is the necessary
starting point for institutions deciding how to
position themselves in relation to an emerging
Al-enabled research infrastructure. That
positioning decision is strategic, not cosmetic.
Institutions that remain passive consumers of
tools built elsewhere may gain short-term
operational efficiency, but they surrender
control over the standards, validation practices,
data governance frameworks, and scientific
priorities that will ultimately define the field.




Institutions that attempt to build everything
internally risk duplicating effort, underinvesting
in interoperability, and producing systems that
cannot connect to the broader ecosystem upon
which their value depends. The productive path
lies between these extremes — and it requires
coordinated, precompetitive engagement across
institutional boundaries.

Why Precompetitive Collaboration Is

Increasingly Important

Longitudinal disease modeling presents
a fundamental collective action problem. The
data required to build reliable, generalizable, and
temporally validated predictive models cannot be
generated by any single institution at the required
scale, diversity, and follow-up duration. A single-
site cohort, however carefully designed, reflects
the demographics, clinical practices, measurement
protocols, and disease ascertainment biases of that
site, and models trained on such data generalize
poorly (16). The history of biomarker discovery
and disease staging in neurodegenerative and
other chronic conditions is littered with findings
that replicated within institutions and failed across
them.

The same logic applies to benchmark
construction, validation infrastructure, and
ontology development. Shared evaluation
frameworks require community agreement
on outcome definitions, data standards, and
performance criteria that no single institution can
establish with the legitimacy needed for broad
adoption. Precompetitive collaboration — in
which institutions share infrastructure, standards,
and scientific outputs without necessarily sharing
competitive clinical programs or proprietary
drug development assets — represents one of
the few mechanisms capable of addressing these
collective-action challenges at scale. Federated
learning and distributed data networks enable
institutions to collaborate on model development
without sharing sensitive patient data, preserving
privacy while enabling large-scale learning (84).
Similarly, shared benchmarking ecosystems and
reproducibility frameworks allow the field to
converge on common standards for evaluation
and validation (77).

Regulatory considerations reinforce this
imperative. Emerging FDA frameworks for
AI/ML-based tools used in drug development
and clinical decision support increasingly
emphasize generalizability, transparency, and
post-deployment monitoring — properties that

are most credibly demonstrated through multi-
site, community-validated evidence. Institutions
that help build the precompetitive infrastructure
through which such evidence is generated will
be better positioned to engage productively with
evolving regulatory expectations.

What Precompetitive Infrastructure

Looks Like in Practice

Precompetitive collaboration in this context is
not abstract. It takes specific, investable forms.
Federated data networks allow institutions to
contribute to shared modeling efforts without
transferring patient data — privacy-preserving
federated learning and secure multi-party
computation provide increasingly mature
approaches to this challenge (84). Shared
benchmark datasets and open evaluation
platforms, modeled on initiatives such as ADNI,
UK Biobank, and emerging challenge ecosystems,
create the common ground on which algorithmic
progress can be measured reliably (3).

Community-governed ontologies and metadata
standards — developed through processes
that include academic, clinical, industry, and
regulatory stakeholders — provide the semantic
interoperability that makes heterogeneous data
mutually legible across institutions (80, 82).

Open or interoperable AI model registries,
pre-trained on harmonized biomedical data
and released under licensing terms that permit
scientific use, can dramatically lower the barrier
to high-quality modeling for institutions that lack
the compute or data volume to train foundation
models from scratch (53, 55). Shared validation
frameworks — including agreed criteria for
temporal validation, calibration assessment, and
clinical utility evaluation — create accountability
standards that benefit the entire field and support
regulatory engagement (95).

Benchmarking Against Existing
Biomedical AI and Precision Medicine

Ecosystems

Existing initiatives already demonstrate many
of the capabilities discussed throughout this field
guide. Population-scale resources such as UK
Biobank and the NIH All of Us Research Program
illustrate the value of longitudinal, multimodal
data infrastructure for disease modeling and
precision medicine (3, 111). Research ecosystems
such as EBRAINS and AI-Mind demonstrate
approaches to interoperable scientific
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infrastructure, federated collaboration, and large-
scale integration of data, computational resources,
and scientific workflows (112, 113).

At the same time, academic and industrial
programs continue to advance foundation models,
multimodal learning, knowledge representation,
and Al-enabled scientific workflows (53, 55).
Collectively, these efforts highlight the growing
maturity of individual components required for
longitudinal disease modeling.

The opportunity addressed by Scientific
Operating Systems is not the creation of any
single dataset, model, or platform. Rather,
it is the coordination of these capabilities into
an integrated, auditable, interoperable, and
continuously learning scientific lifecycle. In this
sense, Scientific Operating Systems should be
viewed as complementary to existing biomedical
Al and precision medicine initiatives, providing
the architectural framework through which
diverse resources, workflows, validation systems,
and governance processes can function together
as a coherent scientific ecosystem.

Strategic Positioning for Research

Institutions

Within this precompetitive landscape,
individual institutions face genuine strategic
choices about where to invest and what kind of
contributor to become. Research institutions may
occupy different positions within the emerging
ecosystem, and each involves real trade-offs.

An institution that positions itself primarily
as a consumer of existing Al tools and data
ecosystems minimizes upfront investment
and captures near-term efficiency gains — but
cedes influence over standards, workflows, and
scientific direction to others. An institution that
invests in becoming a developer of domain-
specific Al systems, validated pipelines, or
specialized data infrastructure acquires deep
capability and potential scientific leadership —
but risks building systems that remain isolated
if interoperability is not designed in from the
outset. A collaborative builder orientation —
one in which an institution actively contributes to
shared infrastructure, participates in governance
of community standards, and selectively develops
domain-specific capabilities that feed back into
the common ecosystem — may provide a balance
of scientific influence, ecosystem participation,
and long-term adaptability.

The choice of orientation should be driven
by an honest assessment of existing institutional
assets: the depth and longitudinal completeness

of available cohort data, the maturity of
computational infrastructure, the presence
of expertise spanning clinical, biological, and
computational domains, and the institution’s
existing relationships with regulatory bodies,
industry partners, and peer research organizations.
Institutions with distinctive longitudinal datasets
occupy a particularly strategic position: that
data, contributed to shared federated networks
under appropriate governance frameworks,
may represent a more consequential scientific
contribution than any model built on it in isolation
(114).

Governance and Scientific Sovereignty

Precompetitive collaboration raises genuine
governance challenges. Shared data infrastructure
requires agreements on access, use limitations,
attribution, and benefit sharing. Community-
developed models raise questions about
intellectual property, maintenance responsibility,
and version governance. Federated networks
require trust frameworks that span institutional,
national, and regulatory boundaries. These
are not insurmountable problems — the open
science community, clinical trial consortia, and
international biobank networks have developed
workable models — but they require deliberate
investment in governance design, not just
scientific infrastructure.

A related concern is scientific sovereignty:
the risk that dependence on a small number of
large foundation model providers, proprietary
cloud infrastructure, or commercially controlled
data platforms creates structural vulnerabilities
for publicly funded biomedical research (114).
Open scientific Al infrastructure — including
community-governed model repositories, open
benchmarking platforms, and publicly accessible
compute resources — is therefore not merely
a matter of cost efficiency. It may become an
important prerequisite for the kind of transparent,
reproducible, and independently auditable science
that the field’s credibility depends on (80, 115).

More broadly, institutions seeking to contribute
to the next generation of predictive medicine
may find increasing value in investing in shared
data standards, validation ecosystems, governance
frameworks, and interoperable infrastructure
alongside their own scientific programs. The
scientific operating system envisioned in this
whitepaper is, by definition, a collective
construction. Its realization requires institutions
to act not only as competitors for discovery, but



as co-architects of the systems through which
discovery becomes possible.

Limitations, Risks, and Counterarguments

The argument for a scientific operating system
for Al-driven disease modeling is deliberately
ambitious. It proposes that reliable prediction of
disease trajectories will require not only better
models, but also shared data infrastructure,
reproducible workflows, validation systems,
governance mechanisms, and regulatory
alignment. However, this vision also raises
important limitations and counterarguments. A
credible implementation strategy must address
these concerns directly rather than treating
infrastructure, automation, and standardization as
unqualified goods.

Risk of over-centralization

A significant concern is that the operating
system metaphor may imply excessive
centralization. Biomedical science has historically
advanced through methodological pluralism, local
expertise, disease-specific specialization, and
investigator-driven experimentation. If poorly
designed, a single centralized infrastructure
could constrain innovation, impose unsuitable
standards, or foster dependency on a limited
number of institutional or commercial platforms.

This risk supports adopting a modular,
federated architecture rather than a monolithic
system. The objective should not be to enforce
a single model, database, or workflow across
all disease areas. Instead, the operating system
should establish interoperable interfaces, shared
documentation standards, validation criteria,
provenance requirements, and governance
principles. Disease-specific communities should
maintain the flexibility to develop specialized
models, endpoints, ontologies, and workflows,
provided their outputs remain auditable,
reproducible, and comparable across different
contexts.

Therefore, the most appropriate analogy is
not a single closed platform, but rather an
interoperable scientific ecosystem. This approach
combines shared protocols and infrastructure,
as needed, with local specialization when
scientifically justified.

Risk of premature standardization

A second counterargument asserts that
premature standardization may entrench
immature methods before superior approaches are

identified. This concern is particularly pertinent
in rapidly evolving domains such as multimodal
foundation models, agentic scientific workflows,
neuro-symbolic reasoning, causal representation
learning, and adaptive clinical AI systems.
Early standards may privilege legacy methods,
marginalize emerging techniques, or incentivize
superficial compliance at the expense of genuine
scientific validity.

This concern warrants careful consideration.
Accordingly, the proposed operating system
should differentiate between stable and evolving
standards. Stable standards should govern
fundamental scientific requirements, including
data provenance, cohort definition, versioning,
leakage assessment, validation reporting,
uncertainty documentation, model-change
tracking, and human accountability. In contrast,
evolving standards should address model
architectures, optimization methods, foundation
model design, agentic workflow patterns, and
adaptive learning approaches.

In summary, the system should standardize the
evidence trail rather than prematurely standardize
scientific methodologies. While innovation must
remain unrestricted, the processes for making,
testing, documenting, and updating claims should
adhere to rigorous standards.

Cost, complexity, and operational

burden

Developing a scientific operating system
for disease modeling necessitates substantial
investment. The costs associated with data
harmonization, ontology mapping, privacy-
preserving infrastructure, external validation
networks, monitoring systems, audit logs,
regulatory documentation, and multidisciplinary
governance are considerable. For many academic
groups, health systems, and small biotechnology
companies, these requirements may appear
burdensome or unattainable.

This concern is not trivial. Infrastructure-
intensive scientific approaches may create
barriers to entry if participation is limited to
large institutions. Rather than lowering scientific
standards, the field should prioritize developing
shared infrastructure, reusable templates, open
benchmarks, federated validation networks, and
community-maintained tools. Public-private
partnerships and precompetitive consortia are
particularly important, as no single laboratory or
company can efficiently construct all necessary
components independently.
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Accordingly, the operating system should not
be depicted as a solution that each institution
must construct independently. A more feasible
objective is the creation of a layered ecosystem in
which common components, metadata standards,
validation protocols, benchmark datasets,
documentation templates, workflow tools, and
model-monitoring frameworks are reusable across
diverse disease areas and institutional contexts.

Data sharing, privacy, and intellectual

property constraints

The proposed approach relies on access to
longitudinal, multimodal, and frequently sensitive
biomedical data. However, these data are
subject to constraints imposed by privacy laws,
institutional policies, consent limitations, patient
expectations, commercial interests, and cross-
border data-transfer restrictions. Furthermore,
organizations that invest significantly in data
generation may be unwilling to share assets that
provide scientific or commercial advantages.

These constraints are structural rather than
incidental. Consequently, a credible operating
system should support multiple collaboration
models, such as centralized data sharing where
feasible, federated learning when data mobility
is restricted, secure research environments,
privacy-preserving analytics, synthetic or
partially de-identified benchmark datasets, and
controlled-access evaluation servers. Additionally,
it should establish clear guidelines for attribution,
intellectual property, publication rights, benefit
sharing, and downstream use of the model.

Precompetitive collaboration is most
feasible when the shared layer is clearly
defined. Institutions may collaborate on
standards, validation protocols, benchmark
tasks, metadata schemas, reference ontologies,
and regulatory evidence frameworks, while
maintaining competition in proprietary models,
therapeutic hypotheses, clinical programs, and
implementation strategies.

Risk of encoding bias and inequity

A scientific operating system alone does
not ensure that artificial intelligence is fair,
generalizable, or clinically beneficial. When
underlying data reflect unequal access to care,
underrepresentation of specific populations,
biased diagnostic practices, or inconsistent
follow-up, models trained on such data are likely
to reproduce or amplify existing inequities.
Furthermore, multimodal disease modeling may

disproportionately benefit populations with
access to advanced imaging, molecular testing,
specialty care, digital devices, or comprehensive
longitudinal health records.

This consideration is particularly relevant
for chronic disease modeling, where biological
processes, social context, healthcare access,
environmental exposures, and treatment
availability influence disease trajectories. A
model that accurately predicts risk within one
health system may not generalize to another, as
observed trajectories often reflect differences in
care pathways rather than underlying biological
mechanisms.

Consequently, the operating-system approach
should regard bias assessment as a fundamental
scientific requirement rather than an optional
ethical consideration. Dataset documentation,
subgroup performance analysis, subgroup
calibration, missingness analysis, site-stratified
validation, fairness evaluation, and patient-
centered governance must be integrated
throughout the model lifecycle. In cases where
populations are underrepresented, targeted data
generation may be more appropriate than relying
solely on technical corrections.

Regulatory alignment may slow

exploratory science

A potential objection is that regulatory
alignment may introduce excessive formality
into early-stage research. Exploratory modeling,
hypothesis generation, and biological discovery
require flexibility, rapid iteration, and tolerance
for uncertainty. Mandating regulatory-grade
documentation for all Al research from the outset
could inhibit scientific creativity.

A more effective approach is to differentiate
between levels of evidentiary maturity. Not all
models require the same degree of regulatory
documentation. For example, a model used for
exploratory clustering of disease subtypes should
not be subject to the same standards as one
employed to select patients for clinical trials or to
guide patient-specific care. The model’s context
of use should determine the appropriate standard,
the potential consequences of error, the extent of
human oversight, and the maturity of supporting
evidence.

Nevertheless, even exploratory models
should maintain basic provenance, data lineage,
cohort definitions, and version control. Early
documentation should not be burdensome, but
must be sufficient to enable reconstruction of



the research process, including the data used,
assumptions made, and known limitations.
Regulatory alignment should be conceptualized
as a graduated lifecycle process rather than a
uniform threshold applied to all scientific
activities.

Limits of agentic AI and automated

scientific workflows

Agentic Al systems may accelerate literature
review, data preparation, model comparison,
documentation, and hypothesis generation.
However, they also introduce new risks. Agents
can hallucinate citations, misuse tools, propagate
earlier errors, overfit workflow choices to
benchmark metrics, or generate plausible but
incorrect scientific explanations. In complex
biomedical settings, an automated workflow can
fail silently if it produces outputs that appear
coherent but are based on flawed assumptions.

For this reason, agentic systems should be
framed as workflow accelerators rather than
autonomous scientific authorities. Their outputs
must be auditable, their tool use must be
logged, and their claims must be traceable to
data, code, literature, or human review. Human
experts should remain responsible for scientific
interpretation, clinical relevance, and regulatory
judgment.

A mature scientific operating system would
evaluate agents as components of the research
workflow. This means benchmarking not only
final model performance, but also task completion
accuracy, citation fidelity, data-curation quality,
error-detection ability, reproducibility, and
robustness under distribution shift. Without such
evaluation, agentic automation may accelerate
biomedical research while reducing its reliability.

Predictive performance is not

equivalent to biological understanding
A central risk in Al-driven disease modeling is
conflating prediction with explanation. A model
may predict disease progression accurately by
exploiting correlations that are not biologically
causal. Conversely, a biologically meaningful
mechanism may not produce strong individual-
level predictive performance in available data.
This distinction matters for clinical translation,
therapeutic development, and scientific inference.
The operating-system framework should
therefore separate several tasks that are often
blended: risk prediction, disease subtyping, causal
inference, mechanism discovery, treatment-

effect estimation, clinical decision support, and
regulatory qualification. Each task requires
different data, assumptions, validation methods,
and evidentiary standards.

For example, a prognostic model used to enrich
a clinical trial may require strong calibration
and external validation but may not need to
fully explain disease biology. A model used to
nominate therapeutic targets requires stronger
mechanistic support and causal evidence. A
model used in patient-specific clinical decision
support requires usability testing, safety analysis,
monitoring, and human oversight. Treating these
use cases as interchangeable would weaken both
the scientific and regulatory arguments.

Sustainability and maintenance

A final limitation is that scientific
infrastructure must be sustained over time.
Research platforms often fail not because the
underlying concept is flawed, but because long-
term funding, governance, documentation,
software maintenance, data updates, and
community engagement are neglected. Disease-
modeling systems are particularly vulnerable to
this challenge because clinical practice, diagnostic
criteria, biomarker technologies, treatment
options, coding systems, and population health
patterns continuously evolve.

A scientific operating system must therefore
incorporate lifecycle management from the outset.
Models should be monitored for drift, datasets
versioned, ontologies updated, benchmarks
revised, and retired models retained in a traceable
and auditable form. Maintenance should be
recognized as a scientific function rather than
merely an operational expense.

This challenge extends beyond technology
to institutional incentives. Academic promotion
systems, grant mechanisms, and many public-
private partnerships often reward novelty,
publication, and new model development
more readily than infrastructure stewardship.
Yet the long-term value of disease-modeling
systems depends on the continued investment
in data curation, benchmark maintenance,
validation, documentation, governance,
and software sustainability. If these activities
are not supported, even technically successful
platforms may gradually lose scientific relevance,
reproducibility, and trustworthiness.
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Risk or counterargument

Over-centralization

Premature standardization

High cost and complexity

Privacy and IP constraints

Bias and inequity

Regulatory burden
Agentic Al failure modes

Prediction-explanation confusion

Sustainability

Why it matters

May suppress local expertise and disease-specific
innovation

May freeze immature methods

May exclude smaller institutions

May limit data access and collaboration

May reproduce unequal care and underrepresentation

May slow exploratory research
May introduce hallucinations or silent workflow errors

May overstate biological meaning

Platforms may decay without maintenance

Design response

Modular, federated architecture with interoperable interfaces

Standardize provenance, validation, and documentation rather than
model architecture

Shared tooling, templates, benchmarks, and precompetitive
infrastructure

Federated analysis, secure environments, controlled-access
benchmarks

Subgroup calibration, representativeness audits, targeted data
generation

Graduated evidence requirements based on the context of use
Human review, audit logs, tool-use tracking, agent benchmarking

Separate prediction, causality, mechanism, and decision-support
use cases

Lifecycle management, versioning, drift monitoring, governance
funding

Table 4. Key risks and design responses
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Summary

The limitations described above do not
undermine the case for a scientific operating
system for disease modeling; they help define
the conditions under which such a system
may be scientifically useful, operationally
sustainable, and socially trustworthy. The
central challenge is not simply building more
capable models, but creating infrastructure that
supports reproducibility, validation, transparency,
interoperability, and continuous improvement
without constraining scientific discovery.

Accordingly, any successful scientific
operating system will need to balance competing
objectives: standardization without rigidity,
collaboration without loss of autonomy,
automation without loss of accountability, and
innovation without sacrificing reproducibility.
These tensions are not obstacles to be eliminated,
but design constraints that must be managed
deliberately. The long-term value of such systems
will depend less on their technical sophistication
than on their ability to support reliable scientific
learning across institutions, populations, and time.

Future Research Directions

The preceding sections suggest that the
next phase of progress in predictive medicine
will depend as much on advances in scientific
infrastructure as on advances in model
performance. While substantial attention has
been devoted to developing increasingly capable
Al systems, many of the most important open
questions now concern how such systems can

be integrated into reliable, reproducible, and
clinically meaningful scientific workflows.
Several areas appear particularly important for
future investigation.

Multiscale Disease Modeling

A central scientific challenge remains the
integration of observations across molecular,
cellular, physiological, behavioral, and clinical
scales. Future systems will need to represent
interactions across these levels while preserving
both biological meaning and temporal context
(116, 117). Progress may depend not only on
larger datasets and more powerful models, but
also on improved representations that connect
mechanisms operating across scales.

Earlier and More Reliable Prediction

One longstanding objective in
neurodegenerative disease research is the
identification of predictive signals years or
decades before overt disease onset (118, 119).
Achieving this goal will require distinguishing
early pathogenic processes from normal aging,
transient variation, and mechanisms of resilience.
Although recent work demonstrates the feasibility
of early risk prediction using longitudinal and
multimodal data, important challenges remain
regarding data quality, temporal sparsity,
generalizability, and validation across populations
(120).



Validation Science and Trustworthy Al

As Al systems become increasingly integrated
into biomedical research workflows, validation
itself may emerge as an important area of
scientific investigation. Questions concerning
uncertainty quantification, calibration, temporal
robustness, reproducibility, provenance, and
performance under distribution shift remain
incompletely understood. Future work may
benefit from treating validation frameworks as
scientific infrastructure rather than as secondary
evaluation procedures applied after model
development.

Al-Augmented Scientific Workflow

Agentic and workflow-oriented Al systems
may increasingly support literature review,
dataset construction, benchmarking, hypothesis
generation, model development, and evidence
synthesis (121-123). Their long-term significance
may lie less in automating individual tasks
than in enabling more structured, iterative, and
transparent forms of scientific inquiry. Realizing
this potential will require workflows that
preserve provenance, support reproducibility, and
enable rigorous evaluation of both outputs and
underlying assumptions.

Scientific Operating Systems as a

Research Discipline

A broader opportunity lies in studying
scientific operating systems themselves. Much
of contemporary Al research focuses on model
architectures and predictive performance, while
comparatively little attention has been devoted to
understanding how data infrastructure, validation
systems, workflow architectures, governance
mechanisms, and regulatory frameworks interact
to influence scientific outcomes. Future work may
therefore benefit from evaluating and comparing
entire scientific systems rather than individual
models alone.

International Infrastructure and

Collaboration

The scale and complexity of longitudinal
disease modeling make international collaboration
increasingly important. The development of
shared datasets, federated learning networks,
benchmarking ecosystems, metadata standards,
and governance frameworks will likely require
sustained cooperation across institutions and
countries (84, 124). The long-term success of
predictive medicine may depend as much on the

quality of these collaborative infrastructures as on
advances in algorithms themselves.

Taken together, these directions suggest
that future progress will depend on more
than the development of increasingly capable
models. Equally important will be the creation
of the scientific, technical, and institutional
infrastructure required to make those models
reliable, reproducible, interpretable, and useful in
practice.

Conclusion: Toward a Scientific
Operating System for Predictive
Medicine

The convergence of multimodal biomedical
data, advanced Al architectures, and large-scale
computational infrastructure has created a rare
and consequential opportunity. The scientific
foundations for predictive, longitudinal disease
modeling now exist. What remains is not a single
technical breakthrough, but a coordinated effort to
build the systems through which these capabilities
can be translated into reliable, cumulative, and
clinically meaningful knowledge.

This white paper argues that the central task
facing the field is the construction of a scientific
operating system for disease modeling. This is a
scientific, engineering, and governance challenge
requiring deliberate design, sustained investment,
and coordinated action across institutions, sectors,
and regulatory bodies.

A credible path forward requires progress
across six interdependent components.

First, data must be treated as scientific
infrastructure. Dataset engineering,
harmonization, provenance tracking, metadata
management, and Al-assisted curation should
be recognized as core scientific activities.
The quality and longitudinal integrity of data
ultimately constrain what models can learn and
what conclusions can be trusted.

Second, validation must be embedded
throughout the system. Validation cannot
remain a retrospective exercise applied to finished
models. Calibration, uncertainty quantification,
temporal validation, benchmarking, and explicit
characterization of model limitations should
be integrated throughout the lifecycle of data,
models, and workflows.

Third, AI architectures must be modular
and interoperable. No single modeling paradigm
is sufficient. Progress will likely depend on
systems that combine foundation models,
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knowledge graphs, neuro-symbolic approaches,
and agentic workflows within coherent and
auditable frameworks.

Fourth, workflow infrastructure must
become a first-class scientific asset. Research
pipelines should be structured, traceable,
reproducible, and auditable, preserving the full
chain of scientific reasoning from data acquisition
through analysis and reporting.

Fifth, precompetitive collaboration must
expand. Shared infrastructure—including
federated data networks, benchmarking
ecosystems, ontologies, metadata standards, and
validation frameworks—will be essential for
building systems that are robust, generalizable,
and scalable across institutions and populations.

Sixth, regulatory alignment must be
incorporated from the outset. Emerging
frameworks from the FDA, EMA, and other
regulatory bodies increasingly emphasize context
of use, lifecycle management, uncertainty
characterization, transparency, and post-
deployment monitoring. These considerations are
becoming integral components of scientifically
credible disease-modeling systems.

These components are not independent. Data
quality constrains model performance. Validation
defines trust. Architecture determines what can
be learned. Workflows determine what can be
reproduced. Collaboration determines what can
scale. Regulatory frameworks influence what can
be deployed in real-world settings. Weakness in
any one dimension limits the effectiveness of the
broader system.

The implications extend beyond technical
performance. As Al systems increasingly inform
drug development, clinical trial design, and
patient care, requirements such as provenance,
validation, transparency, lifecycle governance,
and regulatory alignment become closely
intertwined with scientific rigor itself. Systems
that do not address these requirements may
struggle not only in regulatory settings, but
also in their ability to generate trustworthy and
actionable knowledge.

The field now faces an opportunity to move
beyond isolated modeling efforts toward more
integrated scientific infrastructure. Continued
advances in algorithms will remain important,
but long-term progress may depend equally on
the development of shared systems that support
reproducibility, interoperability, validation, and
continuous learning.

The central argument of this field guide is
that advances in predictive medicine will depend
not only on more capable models, but also on
the infrastructure through which data, models,
workflows, validation systems, governance
mechanisms, and regulatory frameworks interact.
Whether this vision ultimately proves successful
remains an empirical question. What is already
clear, however, is that reliable, reproducible,
and clinically meaningful disease modeling
will require greater attention to these system-
level foundations. Building them will depend
on sustained collaboration across disciplines,
institutions, industry, and regulatory communities.
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