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A B S T R A C T

Alzheimer’s disease remains one of the most complex and contested domains in biomedicine, characterized by 
fragmented findings, competing hypotheses, and limited translational success. We propose that AI can offer not 
just technical acceleration but a deeper epistemic contribution: reconciliation. Rather than optimizing predictive 
performance or replicating existing assumptions, the goal is to align disparate data, methods, and mechanistic 
insights into coherent models that explain how the disease emerges, progresses, and can be treated. This 
approach centers on digital twins, not as monolithic models, but as flexible, testable architectures grounded in 
homeostasis, destabilization, and multiscale coherence. Through an iterative, interoperable AI architecture, 
digital twins integrate evidence, resolve contradictions, and highlight where critical gaps remain. This frame
work moves beyond incremental progress within the prevailing model to catalyzing a paradigm shift in how 
Alzheimer’s is understood. Reconciliation, in this sense, is not a method but a guiding principle for transforming 
both the science and its applications.

1. Introduction

Despite decades of intensive research, Alzheimer’s disease (AD) re
mains without a cohesive, mechanistically grounded hypothesis of its 
etiology. The amyloid hypothesis has long shaped therapeutic devel
opment, and recent trials of lecanemab and donanemab have demon
strated modest cognitive benefits in early disease, in spite of both drugs 
significant reduction in amyloid plaques [1,2]. These results confirm 
that anti-amyloid therapies can produce incremental clinical effects, 
although side effects and cost limit their applicability in many patients. 
Notably, brain atrophy continues despite plaque clearance [3], raising 
the possibility that neuronal loss may precede or drive amyloid accu
mulation rather than follow it.

In parallel, billions of dollars in research funding have yielded rich 
datasets that document AD in extraordinary detail. Efforts such as Alz
heimer’s Disease Neuroimaging Initiative (ADNI) [4], the Dominantly 
Inherited Alzheimer Network (DIAN) [5,6], the Religious Orders Study 

and Memory and Aging Project (ROSMAP) [7], the Accelerating Medi
cines Partnership - Alzheimer’s Disease (AMP-AD), and the ADDI 
Workbench [8] have collected genomic, transcriptomic, proteomic, 
metabolomic, imaging, and clinical data across thousands of individuals. 
ADNI alone has cost over $210 million and includes multi-modal, 
time-resolved data from thousands of participants [9]. Yet despite this 
scale, meaningful therapeutic breakthroughs have not followed. Like the 
parable of the blind men and the elephant, each dataset reveals one part 
of the story, but integration without reconciliation has left the whole 
picture incomplete.

This fragmentation extends beyond datasets to tools and standards. 
As molecular biologist Robert Tjian quipped, scientists would rather use 
each other’s toothbrushes than each other’s nomenclature. This simple 
aphorism reflects broader challenges, including conflicting analysis 
pipelines, incompatible data formats, and isolated computing environ
ments. Similarly within transcriptomics, dozens of competing tools exist 
for RNA-seq alignment and analysis, each tailored for narrow use cases 
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and often incompatible with others. Although major consortia are 
building interoperable platforms to support data harmonization, such 
efforts typically reinforce existing models rather than produce new 
insight.

What is needed is not just better integration, but a shift in the ar
chitecture of explanation. As Thomas Kuhn described in The Structure of 
Scientific Revolutions, science often progresses through long periods of 
stability punctuated by paradigm shifts that restructure the conceptual 
foundations of a field [10]. Clayton Christensen’s theory of disruptive 
innovation makes a similar point in organizational settings: dominant 
actors tend to optimize within current frameworks, while transformative 
change requires the willingness to rebuild from first principles [11]. AD 
research shows symptoms of both stagnation and sunk-cost inertia, 
where existing investments make it harder to abandon familiar ap
proaches even when they fall short. A similar dynamic is seen in 
evolutionary biology, where the theory of punctuated equilibrium de
scribes long periods of stasis interrupted by bursts of genomic reorga
nization [12,13].

Artificial intelligence offers an opportunity to catalyze such a shift, 
but only if used strategically. Many applications of AI in AD focus on 
basic harmonizing of datasets or improving predictions, which are 
important but limited goals. The real opportunity lies in enabling 
reconciliation: aligning heterogeneous, multiscale data into causal, 
testable frameworks that explain rather than merely correlate. This is 
the promise of digital twins: mechanistic, data-driven models that can 
simulate biological systems, evaluate interventions, and generate new 
hypotheses with explanatory power.

In the sections that follow, we define reconciliation as a guiding 
principle for AI in AD research. We review how different AI frameworks, 
including language models, generative models, and digital twins, may 
help resolve contradictions, identify hidden variables, and support 
causal inference. Our aim is not to catalog all AI tools, but to show how 
select approaches can drive the kind of conceptual change that Alz
heimer’s research urgently needs.

2. Reconciliation as the central challenge

Progress in understanding Alzheimer’s disease is now limited less by 
data availability and more by the challenge of reconciling diverse and 
sometimes conflicting findings. Contradictions, population heterogene
ity, experimental artifacts, and static views of dynamic processes frag
ment our understanding. A metabolic shift in CSF, for instance, could 
signal pathology, compensation, or sampling error, each with different 
causal implications. Bridging these gaps requires more than pattern 
recognition; it calls for tools that integrate data within consistent causal 
frameworks.

We define reconciliation as the process of aligning and integrating 
disparate or seemingly conflicting data within a shared explanatory 
framework that preserves biological plausibility. This involves three 
essential elements: (1) integrating evidence across multiple scales and 
modalities, including quantitative, phenotypic, mechanistic, and 
systems-level; (2) making the causal logic linking these data transparent 
and open to scrutiny; and (3) ensuring the logic remains faithful to 
underlying biological reality. In Alzheimer’s research, reconciliation 
means constructing interpretable models that can hold contradictory 
findings in view, explain variability, and evolve as new evidence 
emerges. It is not about declaring one pathway correct and discarding 
the rest, but about building frameworks that accommodate uncertainty 
while still supporting testable hypotheses, actionable interventions, and 
scientific trust.  

ChatGPT-generated humanoid machine brain holding a fading human memory.

This challenge is made clearer by analogy to cellular automata, 
where simple local rules can generate highly complex global behavior. If 
the rules and initial conditions are known, predicting future states is 
straightforward. But working backward to infer the rules from obser
vations is often computationally intractable, a problem known as 
computational irreducibility [14]. We see a parallel in Alzheimer’s 
research. Even as data accumulates across scales, we still cannot explain 
stark phenotypic outliers. A particularly stark example involves the rare 
APOE Christchurch and RELN protective variants, both of which have 
been observed to mitigate the effects of early-onset PSEN1 mutations 
[15–17]. These individuals challenge prevailing causal models and offer 
a test for any mechanistic framework. Reconciling such cases is not 
optional; it is the benchmark for mechanistic understanding.

Although we have yet to see AI fully reconcile data into mechanistic 
explanations, biology offers precedents that demonstrate that reconcil
iation is possible and potentially powerful. The discovery of the Yama
naka factors, which reprogram somatic cells into induced pluripotent 
stem cells, reconciled 103 transcriptional profiles with functional assays 
to overturn assumptions about irreversible cell fate, is one notable 
example [18,19]. Eric Davidson’s work on sea urchin development, 
integrating gene expression, cis-regulatory logic, and perturbation 
studies to infer gene regulatory networks to explain cell fate specifica
tion, is another [20]. In Drosophila embryogenesis, spatial gene 
expression patterns were linked to morphogen gradients like Bicoid 
through dynamical modeling to explain robust developmental 
patterning [21,22]. These efforts involved spatial, temporal, and func
tional data, resolved into causal models. They show that even for com
plex biological systems, simple rules may underlie seemingly intractable 
complexity. Alzheimer’s, by definition, is a complex disease with a 
complex etiology, but this does not mean it lacks underlying structure. 
What’s missing may be the tools to reconcile it.
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One of the key requirements for reconciliation is interpretability. In 
many AI methods, interpretability and predictive accuracy turn out to be 
opposing goals. For Alzheimer’s research, they must be deeply inter
twined. Predictive models without explanation cannot build trust, and 
trust is essential for both clinical and scientific adoption. The disease’s 
long history of failed trials suggests that predictive accuracy alone is not 
enough. Models must explain mechanisms to break the cycle of failed 
predictions and unsupported hypotheses.

Interpretability in this setting must go beyond local explanations of 
outputs to support epistemic transparency: the ability to reconstruct a 
model’s internal logic, assumptions, and inference pathways so that 
scientists and clinicians can meaningfully engage with, evaluate, and 
build upon them [23,24]. This need for transparency is not just a phil
osophical preference, it is foundational to building trust. In clinical 
settings, where decisions directly affect patient well-being, the principle 
of do no harm demands caution [25]. Treatments like lithium or aspirin 
succeeded before mechanisms were fully understood, but this was only 
possible due to consistent empirical outcomes. AI models, in contrast, 
must justify their outputs to earn similar credibility AI models, in 
contrast, must justify their outputs to earn similar credibility. Without 
reconciliation of outputs to known biology, AI predictions risk leading to 
similar past outcomes, with limited or no benefit to patients.

This dynamic can be understood through the lens of the Hegelian 
dialectic. The thesis is interpretability: models whose structures and 
reasoning align with biological processes, enabling transparency, hy
pothesis generation, and scientific engagement. The antithesis is pre
dictive accuracy: black-box models that achieve impressive results but 
resist explanation and may lack mechanistic grounding [26,27]. The 
synthesis we argue for is reconciliation. The most powerful are models 
that integrate predictive strength with epistemic transparency: they not 
only forecast outcomes but also explain mechanisms, integrate con
flicting evidence, and generate new hypotheses. Interpretable AI sys
tems thus become dialectical tools, helping researchers see how 
disparate observations cohere into a unified understanding, and 
enabling their reasoning processes to be interrogated, revised, and 
refined.

Mechanistic understanding can be advanced through both data and 
modeling. Human-relevant models such as organoids and organ-on-chip 
systems aim to capture biology that traditional animal models miss, and 
may help reduce reliance on animal testing [28]. However, whether 
animal models reflect human biology is itself contested. A prominent 
study once argued that mouse genomic responses fail to mimic human 
inflammation, though later analyses disputed this claim, highlighting 
the need to reconcile model systems themselves [29]. On the modeling 
side, digital twins and in silico trials can integrate biological constraints 
and simulate interventions. Such models have already reduced 
control-arm sizes by up to 33 % in Phase III trials, improving statistical 
power and reducing patient burden [30,31].

As George Box noted, all models are wrong, but some are useful. We 
would extend this: the most useful models are those that reconcile the 
most data across the most contexts, while remaining flexible enough to 
evolve. In Alzheimer’s, where many observations remain unexplained or 
contradictory, reconciliation should not be an afterthought. It should be 
the central organizing activity of scientific inquiry. Through reconcili
ation, we can transform Alzheimer’s research from a fragmented 
collection of signals into a coherent framework capable of explaining 
resilience, guiding intervention, and restoring scientific clarity.

3. Evaluating AI approaches for reconciliation

3.1. Language models: fluency without mechanism

Large Language Models (LLMs) have become widespread in research, 

offering new tools for summarization, hypothesis generation, and 
automation of routine tasks. These models are based on generative 
transformer architectures that excel at detecting and reproducing lin
guistic patterns across long sequences. While this makes them highly 
effective for contextual reasoning, they are optimized for fluency and 
statistical plausibility rather than factual accuracy or mechanistic un
derstanding [27,32,33]. They do not possess an internal model of 
physical or biological systems and often fail when tasked with problems 
outside their training distribution. A concise glossary of these methods is 
provided in Box 1 for reference.

Recent LLMs are increasingly paired with tool-augmented systems 
that allow interaction with external resources such as code execution 
environments, retrieval modules, and search engines. These hybrid 
systems function as orchestrators, using natural language as the inter
face for integrating outputs from other tools that may offer greater 
factual precision or structured reasoning. One such extension is 
Retrieval-Augmented Generation (RAG), which improves factual 
grounding by linking responses to external documents. This is especially 
valuable in scientific domains where traceability and citation are 
essential. RAG systems enhance transparency by allowing users to verify 
claims against original sources.

Despite these enhancements, the core limitations of LLMs remain. As 
noted by Apple researchers in The Illusion of Thinking [34], LLMs still 
struggle to construct coherent causal chains, even when provided with 
the right data. They often falter not due to missing information, but 
because they lack the capacity to integrate knowledge into a structured, 
mechanistic understanding. This limitation is particularly problematic 
in biology, where reconciliation requires aligning data from heteroge
neous, noisy, and sometimes contradictory sources. LLMs cannot simu
late counterfactuals, weigh conflicting findings, or infer biological 
mechanisms. Even when they retrieve the correct papers, they 
frequently fail to interpret differences in experimental design, patient 
stratification, or underlying confounders [35]. The addition of addi
tional context material to an LLM through RAG does not change these 
limitations.

LLMs and RAG systems represent one branch of a broader machine 
learning ecosystem. This ecosystem also includes neural networks for 
image recognition, causal inference frameworks, interpretable models, 
and structured causal representations. The strengths of LLMs lie in their 
ability to synthesize large volumes of literature, generate plausible hy
potheses, and automate tasks involving pattern recognition and 
contextual reasoning. Their weaknesses are equally clear: they may 
sacrifice accuracy for fluency, lack grounding in biological mechanisms, 
and perform poorly when asked to generalize beyond their training data. 
In short, LLMs and RAG systems are effective tools for summarization 
and idea generation, but they remain inadequate for reconciliation tasks 
that require causal reasoning and mechanistic fidelity.

3.2. The case for interpretability

Machine learning models vary in how much insight they provide into 
their predictions. Many deep learning systems offer high performance 
but low transparency, leaving users with little understanding of how 
decisions are made. Interpretable machine learning (IML) methods aim 
to make the logic of a model accessible. These can be inherently inter
pretable models or post-hoc techniques such as SHAP values [36]. In 
Alzheimer’s research, where understanding mechanism is essential, 
interpretability is not just a convenience but a requirement.
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Surveys by Leist et al. [37]., Freiesleben et al. [38]., and Roscher 
et al. [39]. emphasize the importance of interpretability for scientific 
discovery. However, IML also faces limitations. Interpretability can 
come at the cost of accuracy and may not scale well with 
high-dimensional biomedical data. Moreover, post-hoc explanations can 
create a false sense of understanding if they do not reflect the model’s 
actual internal structure. For interpretability to support reconciliation, it 
must be validated against biological priors and experimental data.

Deep neural networks (DNNs) are the foundation of many high- 
performing AI systems, including LLMs, generative models, and Alpha
Fold. Built from layers of nonlinear transformations, they are capable of 
extracting complex, high-dimensional features from raw data, enabling 
remarkable predictive performance across fields ranging from natural 
language processing to protein structure prediction[40]. However, the 
same layered complexity that makes DNNs powerful also makes them 
opaque. Their internal representations are difficult to interpret, which 
limits transparency, reproducibility, and mechanistic insight, especially 
when data distributions shift[41]. This tension between predictive ac
curacy and scientific interpretability remains a central challenge in 
applying deep learning to biology, where causal understanding and 
experimental validation are essential.

3.3. Explanation as iteration

An alternative to static explanation is the view of explanation as an 
iterative process. In AI planning, Chakraborti and colleagues proposed 
that the explanation involves aligning an AI’s internal model with the 

user’s mental model through mutual adjustment[42,43]. Rather than 
delivering a final answer, the system engages in a process of interaction 
that corrects misconceptions and refines understanding, an approach 
reminiscent of the Hegelian dialectic, where thesis and antithesis 
converge into synthesis.

This framing is particularly relevant in biology, where reconciling 
models with human understanding is often the primary challenge. In 
biomedicine, the difficulty lies not just in explaining results but in 
identifying which assumptions are valid. Unlike AI planning, which 
starts from a well-defined model, biomedical science typically begins 
with fragmented or conflicting knowledge. Still, the iterative model 
offers a useful framework for how reconciliation might be operational
ized: as a dynamic process of alignment, adaptation, and refinement.

3.4. Neuro-symbolic reasoning as umbrella

While LLMs are useful for generating hypotheses, they rely solely on 
language-based associations. In contrast, neuro-symbolic systems 
combine statistical learning with structured knowledge, allowing 
models to represent causal and mechanistic relationships explicitly. 
Researchers in this area argue that combining data-driven methods with 
symbolic reasoning supports better generalization, interpretability, and 
intervention [44,45].

In this framing, reconciliation involves integrating statistical infer
ence with mechanistic priors to support causal understanding[46]. 
Structured causal models and dynamic models provide scaffolds that 
neuro-symbolic systems can use to reason across biological systems. 

Box 1
Glossary of AI Methods

Large Language Models (LLMs): Deep learning models trained on massive text corpora using transformer architectures to predict and generate 
language. LLMs can synthesize literature, generate hypotheses, and automate routine tasks, but they optimize for fluency rather than mecha
nistic truth, making them prone to errors and “hallucinations.” Tool-augmented variants extend LLMs with external reasoning modules (e.g., 
retrieval, code execution, vision), enabling broader orchestration across AI approaches.

Retrieval-Augmented Generation (RAG): A hybrid approach that grounds LLM outputs in external documents by retrieving relevant refer
ences during generation. RAG enhances transparency and factual accuracy by linking outputs back to sources. Its strength lies in evidence 
retrieval, but it lacks deeper reasoning capacity, and struggles when data are inconsistent, noisy, or mechanistically incomplete.

Interpretable Machine Learning (IML): A set of methods designed to make model decision processes transparent. IML techniques, such as 
feature attribution, rule extraction, or inherently interpretable architectures, allow researchers to evaluate whether patterns reflect underlying 
mechanisms. These methods trade predictive accuracy for interpretability, which is essential in domains like Alzheimer’s where mechanistic 
clarity and trust are critical.

Deep Learning Neural Networks (DNNs): Multi-layered computational architectures that learn hierarchical representations of data through 
successive transformations. DNNs underpin many modern AI systems, including LLMs, generative image models, and AlphaFold, by enabling 
powerful pattern recognition in high-dimensional spaces. Their strength lies in predictive accuracy and scalability across diverse modalities 
(text, images, omics), but they often operate as “black boxes,” offering limited interpretability. This opacity makes them challenging to refine 
mechanistically, a key limitation in scientific domains where causal understanding is essential.

Reinforcement Learning (RL): An AI paradigm in which agents learn adaptive control policies through interaction, feedback, and iteration. RL 
excels at discovering strategies in dynamic systems without explicit supervision. In scientific domains, it offers a way to model adaptive re
sponses, simulate interventions, and explore trajectories of system stability or breakdown. While not itself a neuro-symbolic method, RL in
tegrates naturally within neuro-symbolic frameworks to probe feedback dynamics and intervention policies.

Neuro-Symbolic Reasoning (Umbrella): A hybrid paradigm that combines data-driven learning with structured knowledge (graphs, rules, and 
priors) to ensure predictions are both powerful and mechanistically grounded. Within this umbrella, specific modeling tools can be employed:

Structured Causal Models (SCMs): Directed acyclic graphs (DAGs) that encode causal assumptions, biological priors, and constraints. They 
clarify directionality (e.g., Mendelian Randomization), rule out confounders, and support counterfactuals. SCMs excel at testing conditional 
hypotheses but cannot represent feedback loops central to biological homeostasis.

Dynamic Models: Systems of equations that explicitly model time, feedback, and compensatory processes. They capture recursive regulation, 
nonlinear adaptation, and resilience/failure modes. Dynamic models are indispensable for simulating disease progression and for digital twins 
that integrate mechanistic priors with empirical data.

Digital Twins: Dynamic, continuously updated models that serve as reconciliation engines, integrating heterogeneous data, mechanistic 
constraints, and biological priors into evolving frameworks. Digital twins are capable of simulating homeostatic regulation and its breakdown, 
enabling a broader capability for causal inference, mechanistic explanation, and testing of interventions across scales.
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Reinforcement Learning (RL) adds the capacity to simulate how systems 
adapt over time, which complements but does not replace the role of 
structure in causal modeling. As we later argue, digital twins can be seen 
as a concrete instantiation of this neuro-symbolic vision: an architecture 
that couples mechanistic cores with adaptive learning to iteratively 
reconcile diverse data into coherent, testable narratives.

3.5. Reinforcement learning: policies and control

Reinforcement learning (RL) learns by interacting with its environ
ment, adjusting its strategy based on feedback. It does not require 
labeled data and can discover control policies through experience. In 
biomedical contexts, RL can model how systems respond to perturba
tions or interventions over time. This makes it valuable for simulating 
dynamic responses to treatment or environmental change.

However, RL has limitations. It is resource-intensive, sensitive to 
reward specification, and prone to instability when feedback is delayed 
or noisy. RL is not inherently mechanistic, but when embedded in a 
neuro-symbolic framework, it can test adaptive behaviors while 
remaining grounded in known biology. Used in this way, RL adds flex
ibility without sacrificing structure.

3.6. Structured causal models: clarifying directionality

Structured causal models (SCMs) encode assumptions about cause 
and effect using directed acyclic graphs (DAGs). These models support 
hypothesis testing, intervention analysis, and the removal of con
founding effects. Popularized by Judea Pearl in The Book of Why, they 
have been influential in fields like epidemiology, economics, and in 
biology where they underpin approaches like Mendelian randomization 
[47].

SCMs are not a subset of neuro-symbolic reasoning, but a distinct 
causal framework that can be integrated within neuro-symbolic systems 
to enhance grounding. SCMs are efficient tools when the causal structure 
is known or can be approximated from data. However, their acyclic 
nature means they cannot capture feedback loops or compensatory 
processes, which are central to biological systems. They can clarify 
directionality but cannot model the full dynamics of resilience and 
homeostasis.

3.7. Dynamic models: Capturing feedback and adaptation

Dynamic models extend causal approaches by explicitly representing 
time, feedback, and adaptation through mathematical formalisms. 
These models simulate how systems evolve, how they respond to in
ternal or external perturbations, and how they maintain or lose stability. 
They are especially well-suited for studying diseases like Alzheimer’s, 
where breakdowns in homeostasis occur gradually and are shaped by 
complex feedback mechanisms.

Dynamic models are interpretable by design and can be integrated 
into neuro-symbolic frameworks to enable iterative reconciliation. They 
allow researchers to test hypotheses about how diverse biological vari
ables interact across time, and they support the simulation of how dis
ease might progress or respond to intervention. This capacity makes 
them foundational to digital twin systems that aim to simulate both 
health and disease in mechanistic terms.

4. The AI scientist

Several groups have already advanced visions of an “AI scientist” 
that go beyond single task tools, creating systems that autonomously 
generate hypotheses, design experiments, and even debate or refine 
mechanistic models, including the paper by Landess and Bateman et al. 
in this special issue [REF]. Similar ambitions appear in projects across 
biomedical discovery and drug development [48–50]. As Demis Hassa
bis, Nobel laureate and CEO of DeepMind, has noted, the hardest 

frontier is not generating answers but identifying the right questions. 
The AI Futures Project’s AI 2027 roadmap envisions a “Superintelligent 
AI Researcher” capable of doing so at scale [51]. While such systems 
remain speculative, our framework offers a pragmatic roadmap for 
Alzheimer’s that uses today’s AI tools to orchestrate existing methods, 
reconcile fragmented evidence, and begin by asking the right questions 
needed to achieve true mechanistic understanding.

4.1. Reckoning with failure, rethinking the questions that matter

Framing better questions, which is central to the goal of an AI sci
entist, requires not just new tools but a shift in how we approach sci
entific complexity. This shift does not reject the field’s prior successes. 
On the contrary, it reflects humility toward what decades of brilliant 
work have already uncovered. The only way forward is by standing on 
the shoulders of that work and being honest about the places where it 
has not yet translated to better clinical care.

Modern biology has advanced by dissecting complexity into tractable 
parts, producing detailed maps of genes, pathways, and molecular cir
cuits. This reductionist strategy has powered transformative discoveries, 
including the identification of APOE as a key Alzheimer’s risk gene and 
the development of CRISPR-based editing tools. But as Lazebnik warned 
with his “radio repair” analogy, understanding components in isolation 
can obscure the organizing principles of the system itself [52]. In Alz
heimer’s, as in many complex diseases, the result has been an explosion 
of specialized findings. Most of these findings are true and many are 
important, but they are often disconnected from a unifying explanation 
of system failure.

This fragmentation has encouraged a pattern some have called sta
tistical storytelling, which involves weaving plausible narratives from 
correlational data in the absence of causal models. The reproducibility 
crisis reflects this broader problem [53]. Studies that initially appear 
compelling often fail to replicate, a pattern Ioannidis famously attrib
uted to systemic biases and statistical misuse [54]. This is not due to bad 
science, nor is it exclusive to Alzheimer’s [55]. It is often the predictable 
outcome of disconnected evidence, selective inference, and the lack of 
frameworks that can reconcile findings into robust, mechanistic insights. 
AI systems risk amplifying this pattern unless they are paired with 
models designed to integrate and interpret complexity.

In Alzheimer’s research, this challenge is especially acute. Animal 
models have translated poorly, with over 99.6 % of drug candidates 
ultimately failing in clinical trials [56], and are often treated as black 
boxes: useful for producing pathology but poorly predictive of human 
outcomes. These models can reproduce plaque and tangle pathology but 
are unable to predict clinical course or therapeutic response. Meanwhile, 
nearly 100 independent GWAS loci have been linked to Alzheimer’s [57,
58], yet aside from APOE, none currently inform diagnosis, prognosis, or 
treatment. This is not a failure of discovery. It is a failure to assemble 
discoveries into a cumulative, testable understanding.

A different framing is needed. Many Alzheimer’s-associated loci 
already converge on interpretable biology, such as microglial function 
and cholesterol trafficking. The challenge is not the absence of mean
ingful discoveries but the inability to assemble them into a cumulative, 
testable understanding. Rather than beginning with isolated variables or 
model outputs, we must start with the goal of reconciling fragmented 
evidence into coherent, mechanistic understanding. This shift, grounded 
in past successes but honest about current limitations, is essential for 
asking better questions. It is the foundation for the AI scientist proposed 
here.

4.2. No single tool is enough

To achieve its goal, the AI Scientist must operate as an orchestrator 
across a wide range of methods. Predictive modeling, causal inference, 
dynamic simulation, symbolic reasoning, and mechanistic modeling all 
offer partial insights. Their true value emerges when used together to 
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interrogate the same system from multiple perspectives. This orches
tration is as much about judgment as computation: knowing which tool 
applies to which question, recognizing contradictions as informative, 
and adjusting models as knowledge evolves. We anticipate that many 
individual efforts will continue to use AI to harmonize datasets, identify 
features, and optimize predictions. These are important contributions, 
but without a unifying framework, they risk reinforcing the very frag
mentation that is antithetical to reconciliation. The purpose of this paper 
is to outline how those incremental efforts can be directed by a higher- 
level orchestration, where the AI Scientist integrates them as compo
nents of a broader reconciliation strategy. As detailed in the sections that 
follow, we propose specific ways that AI can be used to define and 
constrain the solution space by treating reconciliation across biological 
scales as the central challenge. In Alzheimer’s, this means integrating 
across scales (genes, cells, circuits, and populations) while staying 
focused on the deeper goal: not simply predicting decline, but uncov
ering how the brain’s homeostatic balance destabilizes into disease, with 
the ultimate aim of enabling treatments, and ultimately cures, that 
restore stability.

4.3. Kind vs. wicked learning environments

A central challenge for the AI Scientist is recognizing the nature of 
the problem space. As David Epstein describes in Range [59], some do
mains are kind learning environments, where rules are explicit, feedback 
is consistent, and outcomes clearly reflect causes. Others are wicked, 
shaped by delayed feedback, hidden variables, and ambiguity. This 
distinction is crucial because it defines how AI systems can learn, iterate, 
and reconcile conflicting information.

Games like chess or Go are quintessentially kind: the rules are fixed, 
the objectives are unambiguous, and feedback is immediate. In fact, the 
real breakthrough for AlphaGo came not when it imitated human play, 
but when it moved beyond human examples and began generating novel 
strategies by exploring the game space under these transparent rules 
[60]. But biology, and Alzheimer’s in particular, rarely offers such 
clarity. It is a wicked environment where data are sparse, signals are 
noisy, and feedback is often delayed. In this context, the goal is not to 
invent new capabilities, but to reverse-engineer mechanisms that nature 
has already solved and to align models with those underlying biological 
truths.

AlphaFold, an AI system developed by DeepMind, transformed 
structural biology by accurately predicting the 3D structures of proteins 
from their amino acid sequences, solving a problem that had eluded 
scientists for more than half a century [61]. Protein folding involves 
both kind and wicked elements. The kind aspects include well-defined 
physical constraints that make much of the problem tractable. The 
wicked aspects include intrinsically disordered regions, which make up 
approximately 40 percent of the human proteome and never resolve into 
a single stable structure [62]. AlphaFold succeeded in this mixed regime 
by embedding biophysical and evolutionary priors and applying itera
tive refinement to recycle its predictions until structure, constraint, and 
data aligned within the structured regions. Its success illustrates how AI 
can navigate partially understood systems by using known constraints 
while recognizing and respecting areas of unresolved complexity. As 
John Moult described, AlphaFold solved two problems simultaneously: 
finding the right solution and knowing when you’re there [63].

This is the essence of reconciliation. In wicked or mixed domains, it is 
not enough to generate outputs that merely appear plausible. The AI 
Scientist must identify where the rules are well-defined, where uncer
tainty remains, and how advances in tractable areas can help constrain 
ambiguity elsewhere. Many current applications of agentic AI thrive in 
open-ended environments where the goal is to invent new capabilities, 
unconstrained by a single correct answer. But understanding biology is a 
fundamentally different challenge: it requires reverse-engineering 
mechanisms that nature has already solved, where success depends on 
aligning with those underlying truths. In this context, understanding the 

limits of current knowledge is itself a valuable scientific contribution, 
helping to guide discovery toward the questions that matter most.

4.4. Neuro-Symbolic reasoning as framework

To act as a scientist, AI must do more than fit patterns or generate 
predictions. It must also reason about mechanisms, test hypotheses, and 
update its beliefs in light of new evidence. This requires a framework 
that integrates both perception and inference. Neuro-symbolic 
reasoning provides such a framework by combining data-driven 
learners (such as deep nets) with structured knowledge (such as 
graphs, rules, and constraints), allowing inferences that are both 
powerful and checkable [44]. For Alzheimer’s, this is especially 
important because the problem spans both kind and wicked learning 
environments. We need models that can learn from noisy, incomplete 
data while also asserting and testing mechanistic claims. In this frame
work, learned components handle perception and imputation, while the 
symbolic layer encodes biological priors, defines allowable transitions, 
and supports counterfactual reasoning. Structured Causal Models 
(SCMs) and dynamic systems naturally fit here. SCMs supply testable 
causal scaffolds, and dynamic models represent trajectories and feed
back. Digital twins can instantiate this hybrid approach by embedding 
mechanistic cores (e.g., compartmental/ODE models, mass/energy/flux 
constraints) alongside learned modules and then updating as new data 
arrive. Used this way, neuro-symbolic reasoning transforms disparate 
data into transparent, testable narratives that not only predict outcomes 
but explain why, under what assumptions, and how an intervention 
might shift the course of disease.

SCMs help the AI scientist disentangle directionality by encoding 
assumptions as directed graphs, allowing for hypothesis formalization, 
confounder control, and causal inference. This supports systematic 
exploration of explanatory models, ruling some out while refining 
others. Mendelian Randomization exemplifies this, using genetic vari
ants as natural experiments to probe causality [64]. But SCMs assume 
acyclicity and are limited in representing the feedback loops central to 
biological homeostasis. Used alone, they risk reducing complex dy
namics to one-way arrows. Their strength lies in hypothesis narrowing 
and causal constraint, especially when paired with dynamic models that 
represent recursive regulation. For the AI scientist, SCMs are precision 
tools: valuable for pruning the explanatory space, but incomplete for 
modeling full systems.

Flux Balance Analysis (FBA) uses constraint-based optimization to 
infer metabolic fluxes under steady-state assumptions [65]. In Alz
heimer’s research, FBA helps test hypotheses about astrocyte–neuron 
metabolic coupling. Models show how astrocyte-produced lactate sup
ports neuronal energy demands under aerobic glycolysis [66,67]. FBA 
enforces physical plausibility and checks biochemical consistency, of
fering more than statistical correlation. For the AI scientist, it’s a prin
cipled method to assess whether observed metabolite patterns align with 
shuttle mechanisms like the ANLS. However, because FBA assumes 
steady state, it excels when conditions are stable but needs com
plementing with dynamic models in settings involving perturbations or 
time-dependent change.

Quantitative Systems Pharmacology (QSP) models use differential 
equations to simulate Alzheimer’s-related pathways across compart
ments such as brain, CSF, and plasma. They encode production, aggre
gation, clearance, and drug responses (e.g., monoclonal antibodies) 
[68]. These models support hypothesis testing, dose optimization, and 
biomarker trajectory forecasting. For the AI scientist, QSP translates 
biological knowledge into simulation-ready form. However, QSP typi
cally focuses on narrow pathways and lacks integration with broader 
homeostatic systems. As such, it is a powerful tool for scoped inquiries, 
but not a substitute for more comprehensive mechanistic models.

Reinforcement Learning (RL) enables machines to learn control 
policies through feedback—trial, correction, and policy refinement 
[69–71]. Layered RL architectures combine fast reflexes with slower 
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strategic control [72], mirroring biological regulation across timescales 
from ionic shifts to transcriptional changes. For the AI scientist, RL offers 
a model for digital twins that adapt over time, not just predict. Alz
heimer’s pathology emerges from regulatory failure, making RL’s 
adaptive framing essential.

While RL could be used to optimize treatment strategies (e.g., 
dosing), this risks shallow gains unless guided by deeper constraints. We 
envision RL agents operating within digital twins that embed homeo
static principles across scales. Here, the reward function prioritizes long- 
term system stability, penalizing destabilizing trajectories, such as 
impaired ANLS or microglial lipid overload. In this role, RL becomes not 
just an optimizer but a discovery engine, probing which control policies 
sustain resilience. It shifts from reactive adjustment to active inference 
of system-level scaffolds that underlie progression and recovery.

Box 2 outlines core use cases for AI in Alzheimer’s research, illus
trating how different methods—hypothesis generation, causal inference, 
dynamic modeling—offer complementary strengths. Rather than 
exhaustively listing tools, we suggest how combining these approaches, 
often within neuro-symbolic frameworks or digital twins, can shift the 
field from fragmented associations toward mechanistic, testable 
understanding.

4.5. The AI scientist as conductor, digital twins as the orchestra

Each AI approach illuminates only part of the Alzheimer’s puzzle. 
Causal graphs clarify direction but miss feedback. Dynamic models 
capture adaptation but require constraint. Reinforcement learning dis
covers control policies but depends on environments that biology rarely 
provides. Language models synthesize evidence but often without 
mechanism. No single method is sufficient. The AI Scientist’s role is 
conceptual: an orchestrator who selects, sequences, and integrates 
diverse methods to produce coherent, mechanistic hypotheses. This 
orchestration is similar to how current agentic AI systems coordinate 

multiple tools to accomplish goals. However, unlike today’s agents, 
which operate without a world model, the AI Scientist must root its 
reasoning in causal and dynamic realities.

Digital twins provide the formal setting for this orchestration. They 
are not metaphorical scientists but structured environments where 
causal graphs, dynamic models, reinforcement learning policies, and 
statistical learners interact within a living representation of disease. 
Built on dynamic modeling, twins capture feedback, adaptation, and 
homeostasis, linking molecular to population scales. In this way, they 
bridge collective and individual variation, showing how mechanisms of 
risk or resilience emerge while keeping insight tethered to shared system 
dynamics. The following section details how such twins, grounded in 
systems engineering and multiscale integration, can supply the scaf
folding needed to close persistent gaps in Alzheimer’s research.

5. From orchestration to implementation: digital twins as the 
framework for reconciliation

5.1. What we mean by a digital twin

The idea of a “digital twin” traces its origins to aerospace and 
manufacturing: NASA’s early use of simulators to mirror spacecraft 
behavior, especially during Apollo missions, laid the foundation for to
day’s virtual replicas of complex systems. By the 2010s, digital twins 
had evolved into real-time, physics‑based models used for predictive, 
“personalized” maintenance in jet engines and aircraft, continuously 
assimilating sensor data to forecast failures and optimize performance 
[73]. The American Institute of Aeronautics and Astronautics 2020 po
sition paper reinforces this lineage, recognizing digital twins as integral 
decision-support tools in safety-critical environments [74]. In these 
settings, the analogy becomes clear: while every jet engine begins as a 
standardized design, each experiences different conditions (stress cycles, 

Box 2
Use Cases for Al in Alzheimer’s Research
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maintenance regimes, environmental exposures) that gradually intro
duce variation. A fleet of engines thus becomes a distribution of out
comes, where twins both capture the shared physics of the system and 
track how individualized histories shape divergence over time.

Recent years have seen a surge of interest in digital twin technologies 
across biomedical domains, with a few broad classes beginning to 
emerge [75]. The first includes QSP-based digital twins, which model 
pharmacokinetics and pharmacodynamics at the individual level to 
simulate treatment effects and optimize dosing regimens. For example, 
Maharjan et al. describe how digital twins can transform pharmaceutical 
pipelines from discovery through post-market surveillance [76], while 
Susilo et al. demonstrate their utility in characterizing clinical 
dose-response relationships in rare diseases [77]. The second class fo
cuses on neurology-specific digital twins, which aim to model dynamic 
disease trajectories for individuals. Fekonja et al. propose digital twins 
for personalized brain modeling [78], and Cen et al. show how such 
twins can track disease-specific atrophy in multiple sclerosis [79]. A 
third, increasingly visible application is the use of digital twins to 
optimize clinical trial design, where simulated populations are used to 
reduce the size of control arms, as noted in recent systems pharmacology 
literature [80,81].

By contrast, the digital twin framework we propose differs in several 
critical respects. Rather than focusing on drug-specific responses or 
individualized prognostication, a reconciliation-centered model centers 
on homeostatic regulation and causal inference. Its primary goal is to 
reconstruct multiomic, imaging, and clinical data into mechanistic 
models of disease. We envision twins designed to not only simulate 
outcomes but also to test hypotheses about biological function. While 
QSP and neurology twins typically prioritize predictive accuracy or trial 
simulation, our approach aims to capture and resolve internal in
consistencies across diverse data modalities. This is key to uncovering 
the underlying rules that govern system-level dysfunction. Such a broad 
scope is especially critical in Alzheimer’s disease, where diverse and 
potentially conflicting findings across data types, such as proteomics and 
imaging, may have limited individual contribution potential towards 
true causal understanding.

In the context of Alzheimer’s, we adopt that best-practice founda
tion, but repurpose it for scientific reconciliation, not just operational 
forecasting. Our definition is more stringent: we envision digital twins as 
dynamic, mechanistic models that evolve with longitudinal data, 
enforce conservation and homeostatic constraints, and are built for 
causal inference rather than prediction alone. In doing so, we retain the 
proven architecture of adaptation and feedback from aerospace but 
deploy it as a reconciliation engine, integrating heterogeneous data and 
mechanistic priors into coherent, evolving models suited to unraveling 
the complexities of Alzheimer’s disease.

5.2. Organizing principles

Homeostasis: Living systems evolved for stability, not disease. Ho
meostasis provides both the goal state and the constraints that digital 
twins must encode. This includes conservation laws (mass, energy, flux) 
and feedback loops governing lipid transport, neuronal excitability, and 
immune signaling. Without grounding in these regulatory architectures, 
models may generate statistically plausible but biologically invalid 
results.

Destabilization: Disease reflects progressive erosion of regulatory 
balance. In Alzheimer’s, destabilization may stem from impaired lipid 
clearance, disrupted astrocyte–neuron energy coupling, or unchecked 
inflammation. Digital twins must represent not only intact feedback 
systems, but also how they degrade over time and stress. Capturing this 
dynamic misalignment enables models to explain how vulnerability 
accumulates and leads to pathology.  

ChatGPT-generated representation of a digital twin.

Multiscale Reconciliation: Alzheimer’s spans molecules, cells, 
circuits, and populations. Twins must integrate across these layers: 
molecular priors (e.g., APOE and lipid metabolism), cellular behaviors 
(e.g., microglial flux), systems physiology (e.g., glymphatic clearance), 
and population trajectories. This is more than model nesting—it requires 
coherence across scales, where cellular dynamics are constrained by 
cohort-level biomarkers and vice versa. Without this, the landscape 
fragments into disciplinary silos.

Temporal Alignment: Biological processes unfold on vastly 
different time scales: milliseconds (ion currents), hours (metabolism), 
days (immune shifts), and years (atrophy, plaques). Alzheimer’s arises 
not from a single failure but from mismatches across these rhythms—
when fast neuronal needs outpace slower astrocyte support, or when 
debris accumulates over decades. Twins must simulate fast, medium, 
and slow processes together, showing how asynchrony drives system 
instability. Time becomes as central as scale.

5.3. Architectural roles

With foundational principles defined, we now explore how AI can 
operationalize them. In this framework, the AI Scientist coordinates a 
layered system of reasoning roles. The digital twin provides the structure 
within which this coordination unfolds. It is not a single model, but an 
environment composed of three core functions: the orchestrator, the 
enforcer, and the architect.

The orchestrator manages knowledge flow. It selects which tools to 
use, interprets their outputs, and ensures consistency across the system. 
This role can be performed by language models enhanced with retrieval 
tools and code execution, allowing them to synthesize literature, 
modeling results, and statistical outputs into coherent narratives. The 
orchestrator also tracks uncertainty, noting which results are supported 
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by data, which rely on assumptions, and which remain unresolved. It 
routes this information between the enforcer and architect to support 
adaptive model refinement. While it does not generate mechanistic 
insight on its own, the orchestrator is essential for aligning evidence 
with evolving hypotheses.

The enforcer is responsible for simulation, optimization, and 
learning under constraint. This includes reinforcement learning, flux 
balance models, and dynamic systems. Its job is to evaluate how well 
candidate explanations hold up against biological constraints and 
available data. In wicked domains like biology, where signals are 
intermittent, indirect, or confounded by observational limits, the 
enforcer plays the critical role of pushing models until they either hold 
or break under the weight of evidence. In early stages, this is a human- 
guided process. Over time, the enforcer may gain autonomy, identifying 
new data sources or proposing targeted experiments to resolve conflict. 
It plays a central role in iterative discovery, using contradiction as a 
signal to refine or revise current understanding.

The architect designs and compares alternative model structures. 
Since no model can capture biology in full, the goal is to create multiple 
abstractions and evaluate how well each explains the data. This process 
draws on structured causal models, symbolic reasoning, and probabi
listic tools. The architect also tracks assumptions and priors, helping 
clarify what each model implies. When gaps are exposed, the architect 
assists in generating targeted hypotheses that can be tested experi
mentally. While AI may suggest plausible experiments, matching those 
proposals to biologically meaningful systems remains a task that often 

requires domain expertise. A well-designed twin helps prioritize exper
iments by their likely impact and feasibility.

This system is designed to evolve. This progression aligns with sys
tems engineering principles, where contradictions in the model prompt 
the acquisition of new, discriminative data. The goal is not to explain 
everything at once but to identify the most strategic gaps and design 
targeted experiments that reduce uncertainty. Reconciliation is a central 
function, allowing twins to integrate new data while also addressing the 
backlog of conflicting results. Taken together, the orchestrator ensures 
clarity, the enforcer grounds models in reality, and the architect explores 
structural alternatives. Their interaction forms a dynamic reasoning 
engine that transforms digital twins into living frameworks for 
discovery.

When reconciliation exposes a mechanistic gap, the next step is 
translating that gap into a tractable experiment. Today, this process is 
human-guided: researchers identify where a model lacks constraint and 
propose perturbations or observations to test it. LLMs can assist by 
suggesting plausible in vitro or in vivo experiments given sufficient 
context, and their utility in this domain is likely to grow. Still, designing 
testable hypotheses depends not just on mechanistic reasoning but on 
choosing a biologically relevant model system, which remains highly 
context specific. In fields like neurobiology, where cell type, spatial 
location, and timing influence results, domain expertise remains essen
tial. A key function of digital twins is to help prioritize among candidate 
experiments by estimating their informativeness, feasibility, and rele
vance to the broader system.

Fig. 1. Mapping AI Approaches for Reconciliation in Alzheimer’s Research. Illustration of how diverse AI methods align with stages of the scientific proc
ess—from data curation and pattern identification to hypothesis formulation, reconciliation testing, and collaboration. Large language models, causal graphs, dy
namic models, reinforcement learning, and neuro-symbolic reasoning each occupy different roles, but their greatest value emerges when coordinated iteratively. The 
framework highlights where linguistic reasoning suffices, where model-based reasoning and feedback are essential, and how iteration across methods enables 
reconciliation of partial evidence into mechanistic insight.
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Just as experiments refine the model, models must be built to absorb 
those refinements. In our framework, this is not a technical hurdle but a 
foundational feature. Reconciliation-driven twins are structured to 
remain flexible at their edges, allowing new data to update causal links 
without full retraining. This refinement can be manual or automated 
depending on how constrained the relevant variables are. Yet the bigger 
challenge is not integrating future data, but absorbing the vast backlog 
of existing results. A reconciliation-first architecture helps triage which 
gaps warrant new experiments and avoids redundant or low-value 
inquiry.

These methods reinforce that the AI scientist’s task is not simply tool 
selection but orchestration of iterative cycles of hypothesis, testing, and 
refinement. Fig. 1 outlines this process, showing how different AI ap
proaches interact and where iteration drives progress toward mecha
nistic understanding.

The purpose of this two-level approach, which combines an AI sci
entist with a biological digital twin, is not simply to explain Alzheimer’s 
in theory. It is designed to support better decisions about treatment, 
trials, and care. Mechanistic clarity has value only if it improves the 
ability to act under uncertainty. Decision theory provides the formal 
bridge between understanding and action by offering a framework to 
evaluate options through probabilities, outcomes, and utilities. In Alz
heimer’s, this means structuring an iterative relationship between sci
entific insight and clinical intervention. Mechanistic models inform 
therapeutic strategies, which then generate new data. That data refines 
the models, sharpening their predictions and explanations. This creates 
a self-reinforcing cycle connecting discovery, development, and 
practice.

In drug development, this approach enables rational trial design, 
more precise recruitment, and model systems that better reflect under
lying biology. Instead of broad statistical averages, decision-aware twins 
can simulate how interventions affect specific genotypes or stages of 
disease, helping avoid costly failures and improving targeting. For cli
nicians, the same principles provide decision support grounded in 
mechanism, not just association, allowing for better anticipation of 
treatment outcomes. In this way, decision theory links the scientific goal 
of understanding disease with the practical goal of guiding action, 
making reconciliation both a scientific tool and a translational engine 
for progress.

6. Conclusion

6.1. Reconciliation as the central task

Artificial intelligence has the potential to transform Alzheimer’s 
research, not through any single breakthrough, but by integrating 
diverse methods into a coherent system. Language models, retrieval 
tools, reinforcement learning, structured causal models, flux balance 
analysis, and quantitative pharmacology each illuminate a different 
aspect of disease. Yet individually, they remain partial and insufficient. 
What is needed is reconciliation: a way to align these tools into frame
works that are explanatory, testable, and faithful to biology.

Focusing on reconciliation introduces real challenges. Digital twins 
are computationally demanding and rely on rich, longitudinal data. 
Mechanistic models, while interpretable, can still embed flawed as
sumptions or biases. As AI-generated hypotheses enter clinical research, 
ethical and regulatory concerns increase, particularly around validation, 
transparency, and accountability. These challenges highlight the need 
for modular, interpretable systems that allow each component to be 
tested and trusted independently.

Digital twins provide the biological foundation for this reconcilia
tion. Rather than static forecasts, they represent evolving, mechanistic 
models that span levels of scale and time: from cells to circuits, from 
patients to populations, from rapid feedback to long-term adaptation 
[82]. Guided by principles of homeostasis, destabilization, and multi
scale coherence, digital twins operate as living systems—continually 

adjusting predictions, reconciling contradictions, and exposing knowl
edge gaps. Their effectiveness depends on the architecture built by the 
AI Scientist: orchestrators that manage reasoning, enforcers that 
stress-test hypotheses, and architects that explore and refine model 
structures. The AI Scientist supplies the reasoning infrastructure; the 
digital twins embody its evolving output.

The lesson of AlphaFold is that iteration, paired with constraint, can 
resolve seemingly intractable problems. The lesson of Alzheimer’s is that 
no single method will succeed when biology is irregular in its signals, 
complex in its interactions, and shifting over time. By treating recon
ciliation as the central goal, and digital twins as the scaffolding that 
supports it, we can move from fragmented knowledge toward integrated 
understanding. If successful, this approach will not only close long- 
standing gaps in Alzheimer’s but also offer a new model for scientific 
discovery—one in which AI acts not as a black box, but as a transparent, 
evolving system for mechanistic insight.

During the preparation of this work the authors used ChatGPT and 
Claude in order to research topics, gather information, and improve 
linguistic clarity and brevity. After using this tool/service, the authors 
reviewed and edited the content as needed and take full responsibility 
for the content of the published article.

(Note on references: In the rapidly-developing field of AI, some pa
pers published as preprints are highly influential and well-cited, and 
reveal important new insight into methods and capabilities. But publi
cation in a reviewed journal may be done much later or never sought at 
all. We include some of these preprints in the following references.)
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