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Abstract 19 

Background: Alzheimer’s disease and related dementias (ADRD) are multifactorial disorders 20 
driven by genetic, vascular, inflammatory, lifestyle, and biological factors interacting over 21 
decades, requiring population-level analyses. However, utilizing multimodal datasets is labor-22 
intensive, impeding discovery and equity. Multi-agentic AI systems promise workflow 23 
automation but lack ADRD-specific adaptations. 24 

Methods: We created a modular AI system with agents for data preparation, planning, analysis, 25 
critique, and summarization. Using data from the National Alzheimer’s Coordinating Center 26 
(NACC) (n=48,876), we tested 100 literature-derived ADRD hypotheses, subsampled cohorts 27 
(100–10,000 participants), and 100 non-ADRD controls via iterative loops. 28 

Results: The system verified 42.0±2.8 hypotheses by rejecting the null, found no evidence for 29 
16.6±1.1, and deemed 41.4±2.3 not testable, with consistency in negated versions. Verification 30 
rates rose from 10.4 (n=100) to 35.4 (n=10,000); controls showed 85.2±0.6 non-testable. 31 

Conclusions: Our system illustrates a powerful paradigm in which AI can facilitate automated 32 
data analysis, expediting advancements in population-level dementia investigations.  33 
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1 | BACKGROUND 35 

Alzheimer’s disease (AD) and related dementias (ADRD) arise from multifactorial causes that 36 
include genetic susceptibility, vascular and inflammatory processes, lifestyle influences, and 37 
other biological pathways interacting over years.1 Understanding how these factors intersect to 38 
shape disease onset and progression demands population-level analyses. Typically, these 39 
analyses are performed on datasets containing tens to thousands of variables ranging from 40 
demographics, comorbidities, and neuropsychological assessments to neuroimaging, fluid 41 
biomarkers, and genetics, reflecting the layered nature of ADRD pathophysiology. A wealth of 42 
population-based cohorts such as the Alzheimer’s Disease Neuroimaging Initiative,2 and the 43 
National Alzheimer’s Coordinating Center (NACC),3, 4 among others, offer unparalleled access 44 
to rich, multimodal data resources. These datasets enable exploration of complex associations 45 
such as amyloid-vascular interactions,5, 6 or ethnicity-specific trajectories,7-9 but leveraging them 46 
remains laborious and fragmented.10 Researchers often spend significant time to identify 47 
variables, align data dictionaries, harmonize features and manage missingness, even for 48 
seemingly simple hypotheses (e.g., whether APOE4 modulates vascular effects on hippocampal 49 
atrophy).11 This friction slows discovery, increases analytic errors, and widens disparities 50 
between well-resourced and smaller research teams. 51 

 52 

Recent years have witnessed efforts to standardize multimodal ADRD research through 53 
coordinated data infrastructures, analytic tools and AI-driven multimodal analysis.12-14 Platforms 54 
such as the National Institute on Aging Genetics of Alzheimer's Disease Data Storage Site Data 55 
Sharing Service,15, 16 and the AD Workbench,17 have improved accessibility and interoperability 56 
of large-scale cohorts. Technical standards such as the Brain Imaging Data Structure,18 and 57 
Findable, Accessible, Interoperable, Reusable (FAIR) data principles,19 have enabled more 58 
consistent data exchange across repositories. Machine learning frameworks like MONAI,20 have 59 
been developed to analyze neuroimaging data, while federated learning and harmonization 60 
methods have addressed privacy-preserving analysis across sites.21 Despite these advances, most 61 
systems remain specialized for discrete tasks, such as image harmonization, and do not integrate 62 
the full scientific workflow from hypothesis generation to testing. In parallel, recent 63 
developments in multi-agentic AI systems have begun transforming how scientific discovery can 64 
be automated. These systems, which include specialized agents each responsible for tasks like 65 
hypothesis formulation, experimental design, or critique, can collaborate autonomously to 66 
conduct literature reviews, run simulations, and refine hypotheses based on results.22-24 They 67 
showcase the feasibility of embedding scientific reasoning within collaborative AI architectures, 68 
reducing manual burden while maintaining interpretability and rigor. Yet, most of them operate 69 
in general-purpose or simulated environments, lacking adaptation to the specific data standards, 70 
ontologies, and multimodal complexities of domains such as ADRD. What remains missing is a 71 
unifying, domain-aware and modular system that can autonomously handle data, translate 72 
unstructured research queries into analytic hypotheses, and test them rigorously. Such a system 73 

 . CC-BY-NC-ND 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted December 4, 2025. ; https://doi.org/10.64898/2025.12.02.25341517doi: medRxiv preprint 

https://doi.org/10.64898/2025.12.02.25341517
http://creativecommons.org/licenses/by-nc-nd/4.0/


 4

would bring conceptual automation to discovery itself, bridging data analysis and hypothesis 74 
testing in an iterative, reproducible, and extensible manner. 75 

 76 

Here, we developed a multi-agentic AI system for accelerated hypothesis testing in ADRD 77 
research. This system combines modular reasoning with robust data processing, allowing each 78 
component to be replaced or improved without disrupting the overall workflow. The system 79 
comprises specialized agents, which collaboratively process spreadsheets representing cohort-80 
level data and their corresponding data dictionaries. The workflow operates through two nested 81 
loops: an outer loop where the data preparation and planning agents filter relevant variables and 82 
outline analysis plans, and an inner loop where the scientist and critic agents execute statistical 83 
analyses and perform bias or reproducibility checks. User inputs, ranging from natural language 84 
hypotheses to folders containing raw data, are converted into structured analytic pipelines. The 85 
critic agent determines outcomes, followed by generation of plots and summaries. We 86 
demonstrated the system’s robustness across multiple scenarios: automated testing and 87 
replication of literature-derived ADRD hypotheses on the NACC cohort, verifying known 88 
associations and identifying non-testable claims; stable performance across dataset sizes; and 89 
high specificity in a negative control using randomly selected non-ADRD hypotheses, where 90 
majority were correctly classified as not testable on NACC data. As proof of concept, our system 91 
points toward a new paradigm, where AI systems can automatically analyze data and accelerate 92 
progress in population-level dementia research. 93 

  94 
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2 | METHODS 95 

2.1 | Study population 96 

The study utilized data from the National Alzheimer’s Coordinating Center (NACC), which 97 
aggregates information from multiple cohorts and is based on the Uniform Data Set (UDS) 3.0 98 
dictionary.25 A total of 48,876 participants were included, with eligibility based on a diagnosis of 99 
normal cognition (NC), mild cognitive impairment (MCI), or dementia. We did not exclude 100 
cases based on the absence of features or diagnostic labels. For individuals from the NACC 101 
cohort with multiple clinical visits, we prioritized visits at which the participant received a 102 
dementia diagnosis; among these, we selected the visit with the most available data features, 103 
prioritizing neuroimaging information, and chose the most recent visit in cases of ties. This 104 
approach maximized the sample sizes of dementia cases, ensured inclusion of each individual's 105 
latest record, and optimized the utilization of available data. Various features (n=750) were 106 
included, encompassing subject demographics, medical history, laboratory results, medications, 107 
neuropsychological tests, and functional assessments. All participants or their designated 108 
informants provided written informed consent. 109 

 110 

2.2 | Hypotheses curation 111 

To curate the literature-derived hypotheses for evaluating agentic AI’s performance, we first 112 
compiled a bag of keywords encompassing key ADRD domains, such as “Alzheimer's disease 113 
risk factors,” “dementia biomarkers,” “APOE4 interactions,” “vascular contributions to 114 
neurodegeneration,” “ethnicity-specific AD trajectories,” and related terms drawn from 115 
established literature in the field. Using a large language model (ChatGPT, based on GPT-4), we 116 
prompted it to generate hundreds of diverse hypotheses inspired by these keywords, along with 117 
suggested peer-reviewed references supporting each one. We then manually reviewed each 118 
generated hypothesis for scientific plausibility and selected 100 hypotheses relevance to 119 
population-level analyses, and alignment with variables available in the NACC cohort; for each, 120 
we accessed the original publications (primarily from 2000 to 2024) to verify accuracy, extract 121 
supporting excerpts or quotes, and resolve any discrepancies or inaccuracies through team 122 
consensus. Hypotheses were refined for clarity, feasibility within our system, and diversity 123 
across pathophysiological pathways, resulting in a final set that represented a broad spectrum of 124 
testable ADRD research questions while excluding those requiring unavailable data modalities. 125 
The list of hypotheses along with corresponding references are provided in Supplementary 126 
Table 1. 127 

 128 

2.3 | Multi agentic system 129 
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Our agentic system employs four specialized large language model (LLM) agents, data 130 
preparation agent, planning agent, scientist agent, and critic agent, which collaborate to conduct 131 
comprehensive analyses. The pipeline begins with the data preparation agent, where relevant 132 
variables are automatically selected based on hypothesis relevance. Following data preparation, 133 
the planning agent designs the analytical strategy and recommends appropriate statistical tests 134 
and methodologies. Subsequently, an inner loop cycle is initiated between the scientist and critic 135 
agents. The scientist agent, following the plan, writes and executes code to conduct required 136 
analyses. The critic agent evaluates the results, either approving or rejecting the analysis, and 137 
provides feedback to the scientist agent. This inner loop continues until either the hypothesis is 138 
approved (i.e., null rejected), rejected (i.e., null not rejected), or determined to be not testable. If 139 
not approved, the system may return to data preprocessing with alternative variable selections in 140 
an outer loop iteration, allowing for refinement and exploration of different analytical 141 
approaches. The system overview is presented in Figure 1. Detailed descriptions of each agent 142 
are provided below and prompts used on the agentic system are provided in Supplementary 143 
Table 2. 144 

Data preparation agent. The data preparation agent automatically detects tabular data files 145 
(CSV format) and their corresponding data dictionaries (in JavaScript Object Notation (JSON) 146 
format) within the workspace folder. It loads both into a centralized cache that stores the dataset 147 
along with rich metadata, including variable names, descriptions, inferred data types, and pre-148 
computed statistical summaries. For each user-provided hypothesis, the agent uses the hypothesis 149 
text together with the full variable dictionary to automatically select the most relevant features. 150 
Selected variables are then systematically preprocessed: cohort-specific missing-value codes are 151 
converted to NaN, categorical variables are one-hot encoded, and continuous/integer variables 152 
are standardized as needed. The cleaned, processed dataset is saved to the working directory, and 153 
both its file path and updated variable descriptions are injected into the conversation context for 154 
downstream agents. 155 

Planning agent. The planning agent designs multi-step research strategies and analytical 156 
systems, providing methodological recommendations and validation before analysis begins. 157 
After adding the generated plan to the conversation context, the system enters an iterative loop 158 
between the scientist agent and the critic agent, which we term as the “inner loop”. 159 

Scientist agent. The scientist agent performs comprehensive statistical analysis, including 160 
exploratory data analysis (EDA), hypothesis testing, regression modeling (linear, logistic, 161 
survival), machine learning approaches, mediation and moderation analysis, and subgroup 162 
analyses. Before each analysis, the system automatically provides the scientist agent with 163 
detailed variable descriptions, data types, and statistical summaries, ensuring informed analytical 164 
decisions. The agent then generates Python code for statistical computations and executes 165 
analyses with error handling and missing data management. The code is run in a packaged and 166 
secure environment to ensure safety and prevent unintended system modifications. 167 
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 168 

Critic agent. The critic agent reviews and validates scientific approaches, providing 169 
methodological feedback, and determining hypothesis verification status. The agent evaluates 170 
code correctness, statistical validity, result interpretation, and hypothesis alignment, ensuring 171 
rigorous scientific standards are maintained. The critic is guided by a comprehensive prompt that 172 
instructs it to examine multiple aspects of the analysis: reasonable statistical analysis and 173 
adequate sample sizes, sound experimental design that properly tests the hypothesis, appropriate 174 
data preprocessing and feature engineering, valid validation methodology, meaningful metrics 175 
that address the hypothesis, clear interpretation of results and acknowledgment of limitations, 176 
and functional, error-free, and well-documented code that produces valid results. The prompt 177 
includes mandatory code checks requiring that code runs without errors, all imports and 178 
dependencies are properly handled, data loading and preprocessing are correct, statistical 179 
calculations are accurate, and output matches the described analysis. Additionally, the prompt 180 
enforces critical statistical terminology verification, ensuring that results are interpreted using 181 
proper language (e.g., “reject the null hypothesis” rather than “accept the null hypothesis”) and 182 
that p-values, effect sizes, and confidence intervals are properly reported. The prompt also 183 
includes a hypothesis alignment check, requiring that results not only show statistical 184 
significance but also that the direction of effect matches the stated hypothesis. The critic must 185 
output its verdict using XML (a markup language for storing and transporting data) tags: 186 
<verdict>NULL REJECTED</verdict>, <verdict>NULL NOT REJECTED</verdict>, or 187 
<verdict>NOT TESTABLE</verdict>, with the latter reserved for cases where dataset 188 
limitations discovered during analysis prevent meaningful hypothesis testing. If the critic agent is 189 
satisfied with the statistical results, it declares the hypothesis as verified. However, if it is not 190 
satisfied, the loop continues for a fixed number of inner loop iterations. After these inner 191 
iterations, the system initiates a new outer iteration, which resets the conversation context but 192 
incorporates summaries from previous attempts. The planning agent is then prompted to generate 193 
a new plan, enabling the system to explore alternative variables, statistical methods, or analytical 194 
systems. We note that even during the inner loop iterations, the system summarizes the 195 
conversation if it grows beyond a certain number of messages, to ensure the context window of 196 
the LLM is not exceeded.  197 

The critic agent also includes a specialized debugging mode that activates automatically when 198 
the scientist agent’s code fails to execute. When code execution errors occur, the critic switches 199 
to a debugging query mode that focuses exclusively on identifying and resolving code issues 200 
rather than evaluating the hypothesis. In this mode, the critic analyzes execution failures, 201 
identifies likely causes (such as syntax errors, import issues, data access problems, statistical 202 
analysis errors, or data preprocessing issues), and provides specific, actionable feedback to guide 203 
the scientist toward a working solution. The debugging query emphasizes code robustness, error 204 
handling, and best practices, with particular attention to statistical analysis errors including array 205 
shape compatibility, missing value handling, sample size requirements, and data type 206 
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conversions. Importantly, when in debugging mode, the critic does not provide a hypothesis 207 
verdict (NULL REJECTED/NULL NOT REJECTED/NOT TESTABLE) since the code has not 208 
successfully executed, allowing the conversation to continue after providing debugging guidance 209 
so the scientist can fix the code and reattempt the analysis. 210 

 211 

2.4 | Technical implementation and reproducibility  212 

The workflow is orchestrated through a conversation management system that maintains the 213 
complete conversation history between agents, tracks turn counts and implements context 214 
window management. The conversation manager stores all messages in a structured format, 215 
including user inputs, agent responses, and system messages containing variable descriptions and 216 
dataset metadata. To prevent exceeding the LLM context window during extended conversations, 217 
the system implements automatic conversation truncation that preserves critical context: previous 218 
iteration summaries (for outer loop iterations), the initial hypothesis and preprocessing messages, 219 
variable description messages, and the most recent conversation exchanges. This selective 220 
preservation ensures that essential context is maintained while removing intermediate messages 221 
that may be redundant. 222 

Dataset information is systematically provided to agents at multiple stages of the workflow to 223 
ensure continuous access to relevant context. During the preprocessing phase, the data 224 
preparation agent injects a comprehensive system message containing all available variables with 225 
their descriptions, data types, and dataset statistics (total rows, columns, missing values, numeric 226 
and categorical column counts). Additionally, before each scientist agent round within the inner 227 
loop, variable descriptions are automatically re-injected into the conversation context, providing 228 
fresh access to variable names, descriptions, and metadata. This repeated injection ensures that 229 
agents maintain awareness of available variables and their characteristics throughout extended 230 
conversations, even after conversation truncation. The truncation mechanism specifically 231 
preserves these variable description messages, recognizing their critical importance for informed 232 
analytical decision-making. 233 

For outer loop iterations, conversation summaries are generated using the LLM to condense 234 
previous attempts into concise context. These summaries capture the hypothesis being tested, 235 
approaches attempted, variables used, results found, and reasons for non-approval, enabling 236 
subsequent iterations to avoid repeating failed approaches and explore alternative methodologies. 237 
The summary is prepended to the conversation context at the start of each new outer loop 238 
iteration, allowing the planning agent to adapt its strategy based on previous attempts. 239 

The system includes a code executor with configurable timeout mechanisms (default: 30 240 
seconds), persistent global namespaces for variable continuity across code blocks, and 241 
comprehensive error handling. All agents use the same LLM instance loaded in memory, each 242 
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with its own specialized prompt. We primarily used the Qwen3-4B-Instruct model 243 
(Qwen/Qwen3-4B-Instruct-2507) as the client. The system tracks code execution outcomes and 244 
automatically switches the critic agent to debugging mode when code execution fails, allowing 245 
for targeted error resolution before hypothesis evaluation. 246 

The system supports configuration management through YAML (a human-readable data 247 
serialization language) files with command-line overrides, enabling reproducible experiments 248 
with documented parameter settings. All runs include configuration logging, random seed 249 
management, and structured logging of experiment parameters for reproducibility. Configuration 250 
details including model name, seed, hypothesis mode, and other experiment parameters are 251 
automatically logged to JSON files for each run. All agent interactions are also logged to 252 
structured JSON files that capture the complete workflow: hypothesis details, preprocessing 253 
steps, conversation turns with agent responses, code execution results, statistical outputs, and 254 
final verdicts. This comprehensive logging enables full reproducibility and post-hoc analysis of 255 
the agentic decision-making process. 256 

 257 

2.5 | Data availability 258 

Data from the NACC cohort can be requested and downloaded at https://naccdata.org. 259 

  260 
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3 | RESULTS 261 

We rigorously tested the multi-agentic AI system on the NACC cohort via an exemplar 262 
hypothesis evaluation, batch analyses of 100 curated ADRD hypotheses, scalability trials on 263 
subsampled datasets, and negative controls with non-ADRD queries. These assessments reveal 264 
the system’s proficiency in automated, verifiable hypothesis testing, with outcomes emphasizing 265 
its precision, adaptability, and domain-specific utility. Detailed results from each component are 266 
presented sequentially below. 267 

 268 

In an exemplar application, the multi-agentic AI system processed the hypothesis “Alcohol 269 
consumption is associated with increased dementia risk” using the NACC cohort (Figure 2). The 270 
Data Preparation Agent selected 19 relevant variables, including alcohol measures (ALCFREQ, 271 
ALCOCCAS, ALCOHOL), demographics (NACCAGE, SEX, RACE, EDUC), dementia 272 
outcomes (NACCIDEM, NACCALZD, etc.), and comorbidities (DEP, HYPERT, STROKE); it 273 
replaced unknown values with NaN and expanded categorical values into a dataset with binary 274 
indicators for alcohol frequency. The Planning Agent specified chi-square tests with Cramer’s V 275 
to examine associations between alcohol frequency categories (less than monthly, monthly, 276 
weekly, few times per week, daily/almost daily) and binary dementia progression. Executing via 277 
listwise deletion, the Scientist Agent detected significant associations across all categories (p < 278 
0.0001), with small effect sizes (Cramer's V 0.040-0.049, highest at 0.049 for “few times per 279 
week”), implying a dose-response pattern. The Critic Agent affirmed methodological soundness, 280 
noting limitations like cross-sectional causality and recall bias, leading to null hypothesis 281 
rejection in a single iteration. This finding aligns with systematic reviews and cohort studies 282 
indicating that alcohol intake,26-29 even at moderate levels, elevates dementia risk without 283 
protective effects. Furthermore, analyses using NACC and similar data support heightened 284 
dementia risk from alcohol use disorder, particularly in subgroups like men with 285 
neuropsychiatric conditions. 286 

 287 

We assessed the agentic system’s efficacy by applying it to 100 hypotheses curated from 288 
established ADRD literature (Supplementary Table 1), encompassing associations such as 289 
genetic risk factors (e.g., APOE ε4), lifestyle influences (e.g., physical activity), and biomarker 290 
interactions (e.g., amyloid and vascular pathology), using the NACC cohort (n=48,876 291 
participants). As depicted in Figure 3, across replicated runs to account for variability in agentic 292 
processing, the system rejected the null hypothesis, indicating statistically significant verification 293 
of the proposed association, for a mean of 42.0±2.8 hypotheses, failed to reject the null (denoting 294 
absence of significant evidence) for 16.6±1.1 hypotheses, and classified 41.4±2.3 as not testable 295 
owing to missing variables, incompatible data formats, or insufficient cohort coverage. This 296 
outcome highlights the system’s capability to autonomously replicate a portion of known 297 
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literature findings while prudently flagging unfeasible queries, thereby enhancing reliability in 298 
population-level analyses. 299 

 300 

To evaluate the scalability and sensitivity of the multi-agentic AI system to cohort size, we 301 
subsampled the NACC dataset (original n=48,876) to create reduced cohorts of 100, 1,000 and 302 
10,000 participants while preserving demographic and clinical distributions, then applied the 303 
system to the same 100 literature-derived ADRD hypotheses as in prior analyses. As shown in 304 
Figure 4, performance exhibited a clear trend toward enhanced hypothesis verification with 305 
increasing dataset size: at n=100, the system rejected the null hypothesis for only 10.4 306 
hypotheses (indicating limited detection of significant associations due to low power), failed to 307 
reject it for 31.6 (suggesting inconclusive evidence), and deemed 58.0 not testable owing to 308 
sparse or missing data in small samples. Scaling to n=1,000 improved resolution, with null 309 
rejections rising to 23.4, non-rejections at 27.4, and non-testable dropping to 49.2, reflecting 310 
better statistical power for identifying associations. At n=10,000, approaching the full cohort, the 311 
system achieved the highest verification rate, rejecting the null for 35.4 hypotheses, not rejecting 312 
for 21.6, and classifying 43.0 as not testable, demonstrating robustness in larger datasets where 313 
variable coverage and sample diversity enable more comprehensive analyses. Corresponding 314 
statistics between different groups are presented in Supplementary Table 3. These results 315 
underscore the system’s dependence on adequate data volume for accurate, reproducible 316 
hypothesis testing in ADRD research, with diminishing non-testability and stabilized outcomes 317 
as cohort size grows. 318 

 319 

To assess the robustness of our agentic system in a control condition unrelated to ADRD, we 320 
evaluated its performance on 100 randomly generated hypotheses derived from general medical 321 
literature (Supplementary Table 4). These hypotheses spanned diverse topics such as 322 
cardiovascular disease, infectious diseases, endocrinology, and oncology, serving as a 323 
benchmark to test the system's ability to handle queries outside its primary domain while 324 
providing a form of negative control validation. As illustrated in Figure 5, our system analyzed 325 
these hypotheses using NACC data. Across multiple runs, the system rejected the null hypothesis 326 
(indicating verification of the stated association) for an average of 7.6±0.8 hypotheses, failed to 327 
reject the null (indicating no significant evidence for the association) for 7.2±1.3 hypotheses, and 328 
deemed 85.2±0.6 hypotheses not testable due to insufficient or incompatible data in the NACC 329 
dataset. This high rate of non-testability validates the system’s conservative approach when 330 
applied to extraneous topics, highlighting its specificity for ADRD-related inquiries, minimizing 331 
spurious conclusions in unrelated contexts, and reducing the risk of false positives in out-of-332 
domain scenarios. Although the hypotheses were randomly generated, few of them were still 333 
testable using the variables available in the NACC dataset. For example, the hypothesis 334 
“Cholesterol-lowering diets reduce cardiovascular disease risk” could be evaluated because the 335 
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dataset included indicators of hypercholesterolemia, cardiac events (such as heart attack, angina, 336 
or bypass surgery), and medication use relevant to cholesterol and blood-pressure management. 337 
The presence of these well-defined clinical and behavioral variables enabled the construction of 338 
measurable exposure and outcome categories, making it possible to statistically assess at least 339 
some of the randomly produced hypotheses. Similarly, the hypothesis “Obesity increases the risk 340 
of obstructive sleep apnea” was also testable, as the dataset contained BMI category variables 341 
and a clearly defined indicator of diagnosed sleep apnea. These variables allowed for the creation 342 
of categorical exposure and outcome measures, making it feasible to examine the association 343 
statistically despite the hypothesis being randomly generated. 344 

  345 
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4 | DISCUSSION 346 

In this study, we developed and rigorously evaluated a multi-agentic AI system designed to 347 
automate and accelerate hypothesis testing in ADRD research. Using the NACC cohort 348 
(n=48,876 participants with rich demographic, clinical, neuropsychological, and biomarker data), 349 
we systematically tested 100 literature-derived ADRD hypotheses, their negated (opposite) 350 
counterparts, and critically, 100 randomly selected non-ADRD medical hypotheses as a negative 351 
control. The system’s specialized agents collaboratively handled the entire scientific workflow, 352 
i.e., from natural-language hypothesis interpretation, ontology-aware variable mapping, and 353 
missing-data handling, through statistical modeling, iterative critique, and reproducible result 354 
generation. Our results demonstrate high fidelity in replicating established ADRD associations 355 
while correctly identifying non-testable claims, maintaining logical consistency when evaluating 356 
negated hypotheses, showing robustness across dataset sizes from 100 to 10,000 participants, and 357 
exhibiting strong specificity by deeming most out-of-domain (non-ADRD) queries untestable.  358 

 359 

Our multi-agentic system provides a structured approach to ADRD research by automating 360 
routine steps like data harmonization and basic testing, allowing researchers to focus more on 361 
interpretation and follow-up. It could help connect teams with varying resources, encouraging 362 
broader participation in examining disease pathways. For instance, midlife hypertension’s 363 
adverse impact on cognitive decline or stroke history’s link to dementia. By integrating with 364 
emerging platforms such as the AD Workbench along with Findable, Accessible, Interoperable, 365 
and Reusable (FAIR) principles, it might facilitate blending datasets for cross-study comparisons, 366 
such as metabolic syndrome’s role in cognitive decline or sleep disorders’ ties to amyloid 367 
buildup, fostering collaborative efforts to address dementia’s multifactorial aspects. Over time, 368 
this could contribute to practical applications in biomarker discovery or treatment evaluation, 369 
making analyses more inclusive across settings. 370 

 371 

Our study has a few limitations. The hypotheses were selected from existing literature, so 372 
outcomes may align closely with those sources rather than highlight novel patterns, and the 373 
NACC dataset’s emphasis could underrepresent certain groups, such as specific ethnicities or 374 
regions. Dependence on large language models (e.g., Qwen3-4B-Instruct-2507) might carry over 375 
training biases, influencing interpretations in some areas. The iterative loops addressed many 376 
scenarios but could overlook nuances in complex cases, such as mixed dementia etiologies or 377 
visuospatial issues in Lewy body dementia. Broader challenges include data diversity, where 378 
training biases might constrain applicability, and ethical considerations around AI in health 379 
research call for ongoing human oversight and real-world validation. 380 

 381 
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In conclusion, these findings establish the agentic system as a reliable, transparent, and scalable 382 
tool that substantially reduces manual effort and analytic variability in population-level dementia 383 
research. This system also provides a basis for integrating AI into ADRD studies, connecting 384 
datasets with systematic explorations. Future developments could incorporate federated learning 385 
for multi-site privacy or adaptable agents for new biomarkers from wearables. Through such 386 
steps, these tools might support progress in understanding dementia's diverse components, from 387 
genetic and lifestyle elements to therapeutic responses, aiding shared initiatives for improved 388 
outcomes. 389 

  390 
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FIGURE CAPTIONS 570 

 571 

Figure 1: Agentic AI for automated hypothesis testing. The diagram depicts a multi-agent 572 
iterative workflow for evaluating user-provided hypotheses (e.g., “APOE ε4 carriage increases 573 
risk for Alzheimer's disease across ethnicities”). The process begins with the Data Preparation 574 
Agent, which filters relevant variables, prepares datasets for analysis, and saves processed data. 575 
If no relevant variables are found, the hypothesis is deemed “NOT TESTABLE.” Otherwise, if 576 
the null hypothesis is not rejected, the system proceeds to an outer iteration. A core inner loop 577 
involves: the Critic Agent (providing constructive criticism and code revisions), the Scientist 578 
Agent (performing computational/statistical experiments, interpreting results, and assessing 579 
significance), and the Planning Agent (creating execution plans). Additional “NOT TESTABLE” 580 
paths account for dataset limitations. The system supports collaboration with external resources 581 
(e.g., PubMed) and ADRD data inputs (cohort metadata, CSVs), enabling use cases such as 582 
replication of known associations, cross-cohort hypothesis testing, and generation of ranked, 583 
interpretable outputs. 584 

 585 

Figure 2: Sample execution log for a single hypothesis. This figure presents a detailed 586 
workflow log from the multi-agentic AI system evaluating the hypothesis “Alcohol consumption 587 
is associated with increased dementia risk” on the NACC cohort (n=48,876). It showcases 588 
sequential agent outputs: Data Preparation (variable selection, missing data handling, and 589 
transformation); Planning (research strategy with chi-square tests); Scientist (statistical execution 590 
revealing significant associations, p < 0.0001 across categories, Cramer's V 0.040–0.049); Critic 591 
(methodological validation); and Final Outcome (null hypothesis rejection in one iteration), 592 
highlighting automated rigor in hypothesis verification. 593 

 594 

Figure 3: Performance of the agentic system on NACC data. Mean frequencies (± SD across 595 
multiple runs) for outcomes of 100 literature-derived ADRD hypotheses: null rejected (verified 596 
by significant association), null not rejected (no significant evidence), and not testable (due to 597 
data limitations). 598 

 599 

Figure 4: Scalability of the agentic system across dataset sizes. This plot demonstrates the 600 
mean frequencies of outcomes for 100 literature-derived ADRD hypotheses tested on 601 
subsampled NACC data at varying participant counts (100, 1,000, and 10,000 samples), 602 
categorized by null rejected (significant association verified), null not rejected (no significant 603 
evidence), and not testable (data limitations), highlighting improved verification rates with larger 604 
cohorts. 605 
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 606 

Figure 5: Performance of the agentic system in a negative control condition. This plot 607 
illustrates the performance of the agentic system on 100 randomly generated hypotheses from 608 
general medical literature (Supplementary Table 2) using NACC data. It shows the frequency of 609 
hypotheses where the null was rejected (indicating verification of the association), not rejected 610 
(indicating no significant evidence), and deemed not testable due to insufficient or incompatible 611 
data. The high non-testability rate serves as a negative control, validating the tool's specificity 612 
and conservative approach for out-of-domain queries. 613 

 614 
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HYPOTHESIS: Alcohol consumption is associated with increased dementia risk.

[1] DATA PREPARATION AGENT
-----------------------------------------------------------------------------
Dataset: NACC cohort (n=48,876 participants, 750 variables)
- Variable selection: LLM-guided selection identified 20 candidate variables from 750 available; 19 variables retained after validation
   Selected variables: Alcohol consumption measures (ALCFREQ, ALCOCCAS, ALCOHOL), 
   demographics (NACCAGE, SEX, RACE, EDUC), 
   dementia outcomes (NACCIDEM, NACCALZD, NACCALZP, NACCADMU, NACCFTDM, NACCLBDM), 
   comorbidities (DEP, DEP2YRS, HYPERT, STROKE, CVOTHR, NACCETPR)
- Missing data handling: Sysatematic replacement of unknown values (codes 8, 9, 88, 99, 0) with NaN; 
   121,603 total unknown values replaced across variables
   Key patterns: ALCFREQ (2,886 missing), NACCETPR (19,721 missing), NACCADMU (48,756 missing - not assessed)
- Data transformation: Categorical variables converted to binary dummy variables
   Final dataset: 48,876 rows × 75 columns (expanded from 19 categorical variables)
   Alcohol frequency encoded as 5 binary indicators for dose-response analysis

[2] PLANNING AGENT - Research Strategy
-----------------------------------------------------------------------------
Objective: Test the null hypothesis that alcohol consumption is independent of dementia risk (odds ratio = 1)
- Exposure variable: Alcohol consumption frequency (5 categories: less than monthly, monthly, weekly, few times per week, 
   daily or almost daily)
- Outcome variable: Dementia progression status (NACCIDEM_PROGRESSED_TO_DEMENTIA)
   Binary classification: progressed to dementia vs. did not progress
- Statistical approach: Chi-square test of independence with Cramer's V for effect size
   Rationale: Appropriate for categorical exposure × categorical outcome associations
   Alternative considered: Logistic regression (recommended for future adjusted analyses)
- Sample size: All participants with complete data for exposure and outcome variables

[3] SCIENTIST AGENT - Statistical Analysis
-----------------------------------------------------------------------------
Method: Chi-square tests of association between alcohol frequency and dementia progression
- Alcohol frequency categories: Less than monthly, monthly, weekly, few times per week, daily or almost daily
- Statistical test: Chi-square test of independence with Cramer's V for effect size
   Cramer's V interpretation: 0.01-0.10 = small effect, 0.10-0.30 = medium effect
- Missing data: Participants with missing values, excluded from analysis (listwise deletion)
- Statistical significance threshold: α = 0.05

Results: Significant association found across all frequency categories
- Less than monthly: p < 0.0001, Cramer's V = 0.040
- Monthly: p < 0.0001, Cramer's V = 0.040
- Weekly: p < 0.0001, Cramer's V = 0.044
- Few times per week: p < 0.0001, Cramer's V = 0.049 (strongest effect)
- Daily or almost daily: p < 0.0001, Cramer's V = 0.047
Clinical interpretation: Small but consistent effect sizes across all frequency categories suggest dose-response relationship; 
strongest association observed in "few times per week" category
Conclusion: Null hypothesis rejected across all categories

[4] CRITIC AGENT - Methodological Review
-----------------------------------------------------------------------------
Assessment:
- Data preprocessing: Appropriate handling of missing values (dropna applied before analysis)
- Statistical test selection: Chi-square test with Cramer's V is valid for nominal × nominal categorical data analysis
- Hypothesis testing framework: Correct use of null hypothesis testing terminology; proper interpretation of p-values and effect sizes
- Hypothesis alignment: Direction of effect supports stated hypothesis; there are consistent significant associations across all alcohol 
   frequency categories
- Code execution: Analysis executed without errors; results reproducible
- Study limitations noted: Cross-sectional design limits causal inference; self-reported alcohol consumption may introduce recall bias; 
   effect sizes are small but statistically significant

VERDICT: Null hypothesis rejected (p < 0.0001 across all frequency categories). 
Analysis methodologically sound and statistically valid

[5] FINAL OUTCOME
-----------------------------------------------------------------------------
Result: Null hypothesis rejected | Analysis completed in first iteration (no revisions needed)
Conclusion: Statistically significant evidence that alcohol consumption frequency is associated with increased dementia risk
- Consistent significant associations (p < 0.0001) across all frequency categories
- Small but meaningful effect sizes (Cramer's V: 0.040-0.049) suggest clinically relevant associations
- Strongest effect observed in "few times per week" category, suggesting potential dose-response relationship
- The multi-agent system workflow ensured methodological rigor through independent agent validation
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