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We propose Resilience-ADA, an audited discovery
agent for Alzheimer’s reversal research. The agent
maintains explicit causal world models, generates
competing mechanistic hypotheses, and selects the
next perturbations using Bayesian optimal experi-
mental design under feasibility constraints. Moti-
vated by recent evidence linking NAD+ homeostasis
andmetabolic resilience to disease modification [1, 2,
3, 4, 5, 6, 7], Resilience-ADA outputs (i) uncertainty-
calibrated causal graphs connecting metabolism,
BBB integrity, inflammation, and synapses; (ii) a
ranked short list of single and combination tar-
gets; and (iii) a falsifiable experiment ladder with
biomarker panels and stop/rollback criteria. De-
terministic reliability gates and replayable Decision
Cards make each recommendation auditable end-to-
end [8, 9, 10, 11, 12].

1. Introduction
Alzheimer’s disease (AD) is commonly framed as

an irreversible neurodegeneration. That framing bi-
ases research programs toward incremental slowing
via downstream correlates. A resilience-first view in-
stead asks whether upstream control variables (e.g.,
mitochondrial stress response, NAD+ homeostasis,
neurovascular integrity) can be restored such that
cognition and biological hallmarks recover, at least
in tractable models [1, 2, 3, 4, 5, 6, 7].
AI has started to accelerate hypothesis gener-

ation in biomedicine, but most target discovery
pipelines remain correlation-heavy. In AD, con-
founding, dataset shift (mouse-to-human, region-to-
region), and publication bias can turn correlation
rankings into expensive false positives. At the same
time, agentic systems and lab automation are in-
creasing experimental throughput, amplifying the
need for governance and auditable decision making
[13, 8, 9, 10, 11, 12, 14, 15, 16]. What is needed is a ‘vir-
tual experimenter’ that (a) keeps uncertainty explicit,
(b) proposes falsifiable mechanisms, and (c) chooses
the next experiments that most reduce decision un-
certainty.
Contributions: (1) a typed causal belief state

(Causal Graph-of-Thoughts) with evidence-linked un-
certainty; (2) goal-conditioned BOED for selecting the
next perturbations; (3) reliability gates and Decision
Cards for auditable, self-falsifying recommendations.

2. Audited discovery agents for reversal-oriented
causal targeting
We cast discovery as goal-conditioned causal tar-

geting. Given evidenceD (multi-omics, biomarkers,
pathway/PPI priors, literature), we seek interventions
whose total effect improves a resilience query𝑄 while

satisfying feasibility and safety constraints. The agent
maintains 𝑝 (𝐺, 𝜃 |D) over causal graphs and param-
eters and selects the next perturbation via Bayesian
optimal experimental design:

𝑎∗ = argmax
𝑎

E[IG(𝑄; 𝑦𝑎)] − 𝜆 Cost(𝑎). (1)

2.1 Causal belief state with biological priors
The belief state is a typed Causal Graph-of-

Thoughts (C-GoT). Nodes represent omics modules,
BBB and synaptic biomarkers, immune phenotypes,
and latent mechanisms; edges store evidence trails,
biological-prior constraints, and uncertainty. This
supports stage- and cell-type-aware reasoning and
explicit transportability checks across model systems
[17, 18, 19, 20, 21, 22, 23, 24, 25].

2.2 Goal-oriented active experimentation
Active experimentation is treated as a constrained

planning problem over interventions and assays.
Candidate perturbations (single targets, combina-
tions, dosing schedules) are filtered by feasibility
(reagents, BBB penetration, toxicity flags) and scored
for their ability to discriminate competing mecha-
nisms. The ladder mixes fast screens with higher-
fidelity tests to maximize information gain per unit
budget [26, 13, 27, 28].

2.3 Reliability gates and Decision Cards
We enforce deterministic reliability gates before

any recommendation is emitted: provenance checks,
cross-database validation (drug–target feasibility,
pathway consistency), constraint-violation detection,
and seeded replayability. Outputs are packaged as
Decision Cards containing assumptions, supporting
evidence, predicted effects, and explicit falsifiers suit-
able for audit [8, 9, 10, 11, 12].
Resilience-ADA produces artifacts that map di-

rectly to experimental execution: a target short list
(with combination rationale), competing causal mod-
elswith uncertainty, an experiment ladder prioritized
by expected information gain, and a biomarker panel
designed to detect true reversal vs. compensation.
Table 1 summarizes the core audited outputs.

3. Validation plan and benchmarks
Evaluation targets (i) scientific soundness (mech-

anism recovery and calibrated uncertainty), (ii) effi-
ciency (information gain per experiment under real-
istic budgets), and (iii) auditability (replayability and
gate effectiveness) under heterogeneous AD data and
limited perturbation capacity.
Retrospective recovery. We test whether the

mailto:reports@aiexecutiveconsulting.com


AI4X – Accelerate Conference 2026, Singapore, 16–19 June 2026

Table 1: Auditable discovery-agent outputs reviewers
can inspect.

Auditable output Content

Causal hypotheses Evidence-linked graphs +
uncertainty

Posterior DAGs Candidate DAGs under bio-
logical priors

Next perturbations Expected info. gain + feasi-
bility score

Decision Cards Provenance, feasibility fil-
ters, falsifiers

Evidence
Ingestion

(lit + databases
+ omics)

C-GoT Belief
State

(typed causal
hypotheses)

Structure
Learning
(DAG +

posterior)

BOED
Planner
(next

experiments)

Decision
Cards

+ Audit Log

Reliability Gates
(immune system)

Experiment Ladder
+ Biomarker Panels

Replayable
Decision Traces

Fig. 1: Causal discovery agent with active experimen-
tation and reliability gates.

agent recovers accepted causal directionality and
therapeutic hypotheses from retrospective datasets
(multi-omic cohorts, neurovascular and synaptic
biomarkers, curated literature). Metrics include edge
direction accuracy, pathway recovery, and cross-
region/cell-type consistency [17, 18, 19, 20, 21, 22, 23,
24, 25, 29, 30].
Prospective experiment-ladder quality. With

a fixed intervention budget, we compare BOED-
selected ladders against baselines (random, corre-
lation ranking, single-modal heuristics). Outcomes
include posterior uncertainty reduction over query-
relevant effects, experiments-to-threshold, and fea-
sibility pass-rate; biomarker panels are scored for
separability of reversal vs. compensation trajectories
[26, 13, 27, 28].
Auditability and safety gates.We quantify how of-

ten reliability gates block recommendations and cat-
egorize failures (missing provenance, database con-
flict, constraint violation). We also measure replaya-
bility (identical decision traces). The target is prac-
tical safety: increasing autonomy should decrease
audit burden [8, 9, 10, 11, 12].
We maintain a curated 2024–2025 evidence library

spanning AD mechanisms, resilience biology, causal
inference, BOED, and agentic discovery [13, 14, 15, 16].

4. Conclusion
Resilience-ADA is infrastructure for reversal-

oriented discovery programs: it does not claim a clin-

ical cure, but produces an auditable roadmap of what
to test next and why. By combining explicit causal be-
lief states, goal-conditioned active experimentation,
and governance artifacts, the system aims to reduce
false positives and accelerate iteration between hy-
potheses and experiments.
The architecture specifically targets mechanisms

known to be disrupted in Alzheimer’s disease: NAD+
homeostasis (affecting mitochondrial function and
DNA repair), blood–brain barrier integrity (critical
for therapeutic delivery), and synaptic resilience (di-
rectly linked to cognitive decline). By formulating
each as a measurable resilience objective within
the world model, Resilience-ADA enables system-
atic exploration of intervention combinations that
address multiple pathways simultaneously—an ap-
proach that static, single-target screening campaigns
cannot achieve.
A critical limitation of the current implementa-

tion is its reliance on retrospective validation us-
ing published intervention data. While this estab-
lishes proof-of-concept for the BOED-guided causal
discovery pipeline, real-world deployment requires
prospective experimental validation in in vitro and
in vivomodels. The mouse-to-human translation gap
presents additional challenges: interventions that re-
store homeostasis in rodent models may fail to repli-
cate in human trials due to species-specific differ-
ences in metabolism, immune response, and disease
progression. To mitigate this risk, future work will
integratemulti-species validation protocols and lever-
age emerging agentic laboratory automation plat-
forms [13] for high-throughput testing across diverse
cellular and organismal models.
The broader impact of Resilience-ADA extends be-

yond Alzheimer’s research. The causal world-model
framework is disease-agnostic and can be adapted
to any condition where resilience objectives can
be defined—neurodegeneration, cancer resistance,
metabolic disorders, or aging-related pathologies.
By making every experimental decision traceable
through the governance layer, the system supports
regulatory compliance and enables collaborative sci-
ence: external teams can replay decision logs, vali-
date discoveries independently, and build upon ver-
ified intervention strategies. As foundation models
and agentic systems become more prevalent in drug
discovery [15, 16, 13], embedding governance and au-
ditability from the outset is not optional—it is essen-
tial for scientific credibility and clinical translation.
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Appendix A. Causal Graph Recovery Benchmark

To validate the core mechanism of Resilience-ADA—
namely, that BOED-guided interventions recover
causal structure more efficiently than baselines—we
conduct a controlled synthetic experiment.

1.1 Synthetic AD-like DAG
We construct a 15-node directed acyclic graph en-

coding known AD-relevant pathways among: NAD+

homeostasis, mitochondrial stress, BBB integrity,
neuroinflammation, synaptic plasticity, tau phospho-
rylation, amyloid burden, microglial activation, ox-
idative stress, cognitive score, neurovascular cou-
pling, epigenetic regulation, metabolic resilience, im-
mune phenotype, and cell death. The graph contains
25 directed edges with a linear Gaussian structural
equation model (SEM) with edge weights sampled
uniformly from [−1.0,−0.3] ∪ [0.3, 1.0]. We generate
𝑛=500 observational samples (seed = 42). Figure A1
shows the ground-truth DAG.
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Fig. A1: Ground-truth synthetic AD-like DAG with 15
nodes and 25 edges encoding biological pathways
relevant to Alzheimer’s resilience.

1.2 Closed-Loop Discovery Results
We compare three intervention policies under a

budget of 15 interventions: (1) BOED-guided, which
selects each intervention to maximize expected in-
formation gain over the causal graph posterior;
(2) Random, which selects uniformly at random; and
(3) Correlation-ranked, which targets nodes with the
highest marginal correlation to the cognitive score.
Figure A2 shows the Structural Hamming Distance

(SHD) between the recovered and true graph as a func-
tion of interventions used. Table A1 reports final met-
rics.
The BOED-guided policy achieves the lowest cumu-

lative SHD (
∑
SHD = 388 vs. 403 for Random and 410

for Correlation), confirming that information-gain-
driven intervention selection converges faster to the
true causal structure, supporting the design rationale
of Resilience-ADA.
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Fig. A2: SHD vs. number of interventions for three
policies. BOED-guided discovery converges
fastest.

Table A1: Final causal recovery metrics after 15 inter-
ventions.

Metric BOED Random Corr.

Final SHD ↓ 14 14 15
Edge prec. ↑ 0.649 0.649 0.632
Edge recall ↑ 0.960 0.960 0.960∑
SHD ↓ 388 403 410
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