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ABSTRACT

Collaborative and multi-site neuroimaging studies have greatly accelerated the rate at which
new and existing data can be aggregated to answer a neuroscientific question. New research
initiatives are continuously collecting more data, allowing opportunities to refine previous
published findings through continuous and dynamic updates. Yet, we lack a practical framework
for researchers to systematically, automatically, and continuously update published findings. We
developed NeuroDISK, an automated artificial intelligence based framework that: 1) performs
automated and inquiry-driven analyses, and 2) continuously updates these analyses as new
data becomes available. NeuroDISK was evaluated using published results from the ENIGMA
consortium’s work on the genetic architecture of the cerebral cortex. We incorporate both
meta-analysis and meta-regression options to showcase our framework on the effect of specific
genotypes and moderators on select brain regions. Initial NeuroDISK meta-analysis results
replicate the original publication, and we show result updates after adding new data. The
NeuroDISK framework can be generalized for users to define question(s), run corresponding
workflow(s) and access results interactively and continuously.

1. Introduction

Sample sizes for studies involving human subjects are often limited by the costs of collecting
data. Unfortunately, in these studies, variables of interest that have small to moderate effect
sizes have been particularly susceptible to spurious findings that do not replicate. Recent efforts
have recognized these concerns in neuroimaging-heavy fields of psychological and
neurological sciences(Button et al., 2013),(Boekel et al., 2015),(Bowring et al., 2019),(Poldrack
et al., 2020),(Hodge et al., 2020), and even more specifically, neuroimaging genetics(Medland
et al., 2014; Smith & Nichols, 2018). A driving factor in this reproducibility and replication crisis
has been a lack of sufficiently well-powered studies,(Button et al., 2013; loannidis, 2005) so
larger scale efforts are of growing interest.

Merging data from multiple sources has paved a way for larger sample sizes and reproducible
findings. Individual multi-site studies such as the disorder-specific Alzheimer’s Disease
Neuroimaging Initiative (ADNI)(Weiner et al., 2010) and the population-based UK Biobank(Miller
et al., 2016) have aimed to collect both neuroimaging and genetic data across individuals from
multiple locations for larger and more efficient data collection efforts. Multi-study consortia such
as the Enhancing Neurolmaging Genetics through Meta Analysis (ENIGMA)
consortium(Thompson et al., 2020) have also been established to coordinate analyses and pool
data across tens of thousands of brain imaging datasets from hundreds of independent studies
around the world. ENIGMA has over 35 active working groups with targeted clinical, biological
or methodological interests. These working groups, including one dedicated to neuroimaging
genetics, pool data from independent existing studies from around the world. Consortia that are
built on existing and available data resources not only ensure large sample sizes for
well-powered analyses, but also include diverse samples and heterogeneous study designs to
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allow for robust and generalizable findings. Multi-study efforts in ENIGMA ensure adequate
sample sizes for genome-wide association studies (GWAS) on brain imaging derived
traits(Medland et al., 2022) and have led to the identification of numerous genetic variants that
influence brain structure through some of the largest studies to date.
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Figure 1: As more and more data become available for collaborative efforts, including neuroimaging genetics studies,
a hypothesis can be tested with more data to increase confidence. In the above graphic, we show the evolution of
results related to the genetic associations with MRI-derived hippocampal volume. The most significant genetic
association with hippocampal volume in the first ENIGMA consortium study (ENIGMA1)(Stein et al., 2012), which
performed a genome-wide association study (GWAS) meta-analysis of the hippocampus and the brain’s intracranial
volume with data for almost 8,000 individuals across 17 cohorts, was in a locus on chromosome 12. In the second
ENIGMA GWAS (ENIGMAZ2)(Hibar et al., 2015), which evaluated hippocampal volume along with 6 other structures
in a pooled sample of over 13,000 individuals from 28 cohorts, the same locus (middle panel) emerged as significant
with greater confidence (smaller p-value). When the results of ENIGMA2 were then meta-analyzed with those from
the CHARGE consortium in an extended analysis of 9 subcortical structures using a total sample of over 26,000
individuals from 46 discovery cohorts (ENIGMA+CHARGE) (Satizabal et al., 2019), again the same genetic locus
showed significant association with the hippocampal volume with greater confidence. The thickness of the red circle
indicates the strength of the association, highlighting the greater significance as the dataset is expanded (bottom to
top). Specifically, blue points reflect the ENIGMA1 study from 2012(Stein et al., 2012); yellow points correspond to
the ENIGMA2 study from 2015(Hibar et al., 2015), and burgundy points represent the ENIGMA+CHARGE joint
analysis from 2017(Hibar et al., 2017) (thickest red circle). We show the extent to which the significance changed
from study to study. The same locus was then separately shown to be significant in independent data from over 8,000
individuals in the UK Biobank dataset(Elliott et al., 2018), which had not been used in any of the initial three ENIGMA
or ENIGMA-CHARGE publications.

As ENIGMA studies are being conducted, new neuroimaging genetics initiatives and new
studies with relevant data continue to be funded and collected. These efforts may eventually be
incorporated into other mutli-site and multi-study initiatives, further empowering larger and more
representative studies. For example, in 2012 a multi-study GWAS of hippocampal volume was
published by the ENIGMA consortium(Stein et al., 2012). Interest soon grew in the consortium,
and a follow up study that again included a GWAS of the hippocampal volume was conducted
with nearly twice the sample size(Hibar et al., 2015). The same inquiry was then posed jointly by
ENIGMA and another multi-study consortium, CHARGE (Cohorts for Heart and Aging Research
in Genomic Epidemiology), more than doubling the sample size once again(Satizabal et al.,
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2019). These studies have iteratively shown the progression of insights into the genetic
architecture of regional brain volumes, including that of the increasing confidence in the effect of
a genetic locus on chromosome 12 on the volume of the hippocampus (Figure 1). This was the
only locus to show a genome-wide significant effect in the first analysis, and confidence of this
finding only grew in subsequent analyses. The evolution of scientific knowledge is captured by
repeatedly making the same inquiry, yet with more or different data. Artificial intelligence (Al)
systems that can automatically generate these updates as more data become available, with
minimal human intervention, can greatly facilitate research efficiency and accelerate scientific
advances.

These Al systems would conduct continuous monitoring to detect new data and re-execute
analyses to update findings. Intelligent automation can further be used to interrogate the data as
more and more of the population becomes represented in the available data. For example, if the
support for an association becomes stronger or weaker once more data is added and the
sample becomes more diverse, an intelligent system may be able to identify aspects of the
populations that were driving the changes in the association strength. We have previously found
that the mean age of a study’s participants may drive key associations between neuroimaging
and genetic markers, including the association between hippocampal volume and one of the
strongest genetic risk factors for Alzheimer’s disease and related dementias(Brouwer et al.,
2022; Garijo et al., 2019); here associations were only identified in cohorts, or datasets, of
studies where the average age was over 60 years.

This work presents a two-fold Al approach to: 1) perform automated and inquiry-driven
analyses, and 2) continuously update these analyses as new data becomes available. We have
designed and implemented NeuroDISK, an Al system built on the DISK framework for
assessing hypotheses evolution.(Garijo et al., 2017; Gil et al., 2016) NeuroDISK currently
focuses on queries using a pilot set of neuroimaging genetics tasks given a structured data
ontology and specific analytical workflows with added constraint reasoning.

Our work demonstrates automation of inquiry-driven data analysis in science, demonstrating
that Al can reason about data and methods to automate this process for neuroimaging. Al has
been investigated for a long time to automate data analysis and discovery processes in other
fields of science (Bradshaw, Gary L., Zytkow, Jan M., 1988). Recent work uses workflows and
reasoning to create automated machine learning systems (De Bie et al., 2022) and automated
statisticians (Steinruecken et al., 2019). Other work has investigated the use of Al-based
algorithms to accelerate experiment design and other scientific tasks. Rodriguez and colleagues
(Rodriguez et al., 2024) demonstrate the use of Al to accelerate optical microscopy experiments
over traditional numerical optimization techniques. Krenn and colleagues (Krenn et al., 2021)
describe Theseus, a system that automates the design of quantum optics experiments based on
a graph of known experiments. Furthermore, Erps and colleagues (Erps et al., 2021) describe
an approach to automate the experimental design of formulations for mixed polymer
formulations for additive manufacturing through multiobjective optimization.
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Al automation of science processes has led to many advances in chemistry and materials
science. In addition to the design and planning of experiments, there are approaches that add
an execution component through Al and robotics (Angelopoulos et al., 2024). For example,
Szymanski and team (Szymanski et al., 2023) introduce A-lab, a system to synthesize novel
materials, specifically solid-state synthesis of inorganic powders. A-lab uses LLMs to propose
new experiments, machine learning to optimize them, and a robotic platform to execute them.
Pyzer-Knapp and colleagues (Pyzer-Knapp et al., 2022) describe an Al prototype for materials
discovery, including natural language tools to extract information from the literature, simulators
to optimize molecule choices, and a robotic chemistry platform to execute the experiments.

The use of large language models can accelerate research tasks, from literature search to code
generation. For example, Coscientist (Boiko et al., 2023) was developed as a proof-of-concept
system that designs and plans Suzuki and Sonogashira chemical reaction experiments and
generates code that can be executed in cloud laboratories. In other work, Lu and colleagues (Lu
et al., 2024) describe a system that uses large language models to generate ideas for papers,
design the experiment, find the data and code needed to execute the experiment, and then write
the article. The articles generated are useful for exploring new ideas and their feasibility,
however the articles are not guaranteed to contain correct statements.

Related work in neuroimaging has focused on reproducibility of data analysis. This includes
using software containers to ensure accurate replication (Renton et al., 2024), articulating
requirements for data repositories to support reproducibility (Wagner et al., 2022), and
infrastructure to access and integrate data and tools (Poline et al., 2023). Our work builds on
these kinds of efforts by assuming the data and tools are shared, and extends them to
demonstrate the use of Al to automate neuroimaging analyses.

We demonstrate the value of NeuroDISK by using and building on published data from the
large-scale multi-study GWAS meta-analysis of MRI-derived cortical structure (Grasby et al.,
2020). We catalog the published data and meta-data from all cohort studies that contributed to
that work, and automate the statistical meta-analysis to demonstrate a successful replication of
the available original findings. NeuroDISK then identifies newly cataloged data that match the
requirements for the specific neuroimaging genetic inquiry and incorporates it into the analysis,
ultimately updating the findings of the original paper. We further demonstrate the capabilities of
NeuroDISK by asking additional questions about the data beyond what was originally proposed;
in this demonstration, we inquire whether study specific effects are driven by particular aspects
of the study cohort, in particular, mean age.

The contributions of this paper include:

1. A new Al approach to scientific problem solving designed to capture the strategies that a
scientist follows to answer a question or test a hypothesis, including finding data,
analyzing it, and extracting findings.

2. A novel concept of lines of inquiry that can automate hypothesis-driven discovery
processes using Al knowledge representation and reasoning techniques that include
ontologies, constraint reasoning, and workflows.
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3. An implementation of this approach in NeuroDISK, an extension of the general
domain-independent DISK framework (Gil et al., 2017), is extended with hypothesis
ontologies and lines of inquiry for multi-site neuroimaging genetics.

4. A demonstration of this framework as a reproduction of a published paper, with explicit
questions and hypotheses driving the system, and an extension of the published results
to demonstrate its use for continuous updates.

In the following sections, we motivate the requirements for achieving the desired capabilities of
automation and continuous updates, and describe the approach and its implementation.

2. Methods and Materials

NeuroDISK is designed to mimic how human scientists pursue a scientific question or
hypothesis. Generally scientists pose questions or hypotheses and consider different
approaches to answer their questions, which typically involve finding relevant data, and
identifying appropriate analytical methods. For example, if MRI data is available it would be
analyzed using computational imaging methods, while genomics data would be analyzed using
genomics workflows. Finally, the results would be consolidated and placed in context.

NeuroDISK demonstrates how to automate this inquiry-driven discovery process for
neuroimaging genomics. NeuroDISK uses Al representations and reasoning to test and revise
hypotheses based on automatic analysis of scientific data repositories that grow over time
(Figure 2). Two key features of NeuroDISK are: 1) Inquiry-driven automated analysis: Given an
input hypothesis or scientific question, NeuroDISK is able to automatically search for relevant
data in shared repositories and apply appropriate methods to test it; 2) Continuous automated
updates of findings: NeuroDISK checks if new data becomes available so it can reconsider prior
analyses and revise its findings.
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Scientist's Question: Is the effect size of rs1080066 on the surface area of the precentral cortex
associated with mean age of the cohort?

NeuroDISK Answer:
Round 1: With 49 cohorts, there Is a positive effect of the cohort’s mean age on the effect of
rs1080066 on the surface area of the precentral cortex with beta = 0.4 mm?® / year; p=0.08
Round 2: With 50 cohorts, there Is a positive effect of the cohort's mean age on the effect of
10

rs1080066 on the surface area of the precentral cortex with beta = 0.5 mm® / year; p=0.02
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Figure 2. NeuroDISK is designed to automate the processes that scientists follow to answer questions using existing
datasets. A scientific question (1) is mapped into a structured form that is machine-readable (2) that enables
NeuroDISK to select a general approach (3) to answer that question. The approach typically involves formulating a
query that will access existing data sources to find relevant datasets (4), setting up and running analyses for the data
available (5), consolidating the results for different datasets (6), and explaining (7) and presenting (8) the findings.
When new data become available (9), NeuroDISK revisits the original question and re-runs its analyses so that the
findings can be updated (10).

2.1 Scientific methods as lines of inquiry

NeuroDISK uses a line of inquiry (LOI) to represent the approach that a scientist would follow to
pursue a general type of question in their discipline, including steps to get data from a shared
data source and to analyze it with computational workflows (Figure 3). An LOI has several key
components:

e Hypothesis or question template: a general question containing variables that are
matched against the specific question posed by a scientist.
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e Data query template: indicates how a data source should be queried in order to
obtain data that is relevant to the question. The data query template includes the
variables that appear in the question template, as well as additional variables that
characterize the data requirements in detail for the approach being pursued.

o Workflows: specify the multi-step methods to be used to analyze the data
retrieved. The workflows use variables to indicate how to take the data retrieved
as input. Workflows also represent the computational steps of the analysis
method.

e Meta-workflows: specify the meta-method to combine results from multiple
analyses (i.e., multiple workflow executions) in order to derive an answer to the
user’s question. Meta-workflows combine results from other workflows and may
generate overall statistics such as an effect size, confidence interval, p-value, or
a refinement of the original question or hypothesis, as well as visualizations of
results and findings.

The individual LOI components are described in more detail in this section.

Figure 3 illustrates the main components of an LOI for investigating if the effect size of a
particular genotype on a specific brain region is associated with a demographic attribute of the
cohorts, while allowing the cohorts to be filtered by another attribute (in this case genetic
ancestry). This process is a meta-regression on the effect sizes of the individual cohorts
retrieved from the data sources.

NeuroDISK captures knowledge in machine-readable representations that use Semantic Web
standards, in particular the W3C Resource Description Framework (RDF)(RDF 1.1 Concepts
and Abstract Syntax), the W3C Web Ontology Language (OWL)(Dean & McGuinness), and the
W3C Semantic Protocol and RDF Query Language (SPARQL)(Harris et al., 2013).

2.2 Specifying inquiries: hypotheses and questions

NeuroDISK is an inquiry-driven system that expects users to provide a structured hypothesis or
scientific question that will drive its reasoning and data analysis. Users are guided through
pre-defined question templates and select one to specify an inquiry in a structured,
machine-readable representation. Once that selection is made, the user’s question is matched
against the query template of the available LOIls, which will trigger an appropriate one.
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| 1 ) Meta regression with a filter 7/

Description: This line of inquiry is designed to investigate if the effect size of a particular genotype on a morphometric feature of a specific

brain region is associated with a demographic attribute of the cohorts for those filtered by some characteristic such as ancestry. Cohort

data from ENIGMA projects is retrieved based on these requirements. The data is analyzed with a meta-regression on the effect sizes of the
- individual cohorts

(2 ) Notes:
Hypothesis or question template:
This line of inquiry can be used to investigate the following hypothesis or question
Is the effect size of on of associated with i
for cohorts of ancestry 7
(3

|
Data query template:
Data query explanation: Get datasets for cohorts that follow all constraints associated with this question

Data source: ENIGMAZ3 Cortical GWAS Project Data obtained from the Enigma ODS wiki (Ontology) a collaborative wiki for different working groups of Enigma.
Query template: Q SHOW QUERY TEMPLATE

Data retrieved:

When the data source is accessed, a table will be generated that will show the following information about the datasets retrieved
Dataset information to be shown: ?project, ?Cohorts, ?CohortData

Description of the datasets: Cohorts and respective data files

(4 )Methods:
Workflows:

The data analysis methods are represented in the following workflows:

No workflows specified. The data retrieved will be used directly in the meta-workflows

Meta workflows:
- The results of all the data analysis methods are aggregated by these meta-methods, represented in the following meta-workflows:
(5 ) [Z] Meta-Regression [3
Meta regression is considered as an extended statistical model of meta analysis, regressing the effect size against variable(s) of interest to
account for the systematic differences of the effect sizes being meta-analyzed
Meta-workflow parameters:
area: ?Region
demographic: ?DemographicLabel
demographic_value: ?realDemographic
snp: ?Genotype
trait: ?BrainlmagingTrait
Meta-workflow inputs:
cohortData: ?CohortData
Meta-workflow outputs:
scatter: This file will be used to generate visualizations
p_value: This file contains the confidence value
log: This file will be used to generate Shiny visualizations
brain_visualization: This file will be used to generate a brain visualization

Figure 3. NeuroDISK uses Lines of Inquiry (LOIs) to represent the approach that a scientist would follow to answer different types of
questions. An LOI consists of: (1) documentation about the LOI, which can include literature citations that introduce the approach;
(2) a question template that will be matched against the user’s question; (3) a data query template that specifies how to retrieve data
that is relevant to answering the question; (4) workflows that specify how to analyze the data retrieved; and (5) meta-workflows that
indicate how to combine the results of all the workflows executions. In this example, an LOl is set up to investigate if the effect size
of a particular genotype on a specific brain region is associated with a demographic attribute of the cohorts, while allowing the
cohorts to be filtered by another attribute (in this case genetic ancestry). This process is a meta-regression on the effect sizes of the
individual cohorts retrieved from the data sources.

As our running example, we use results published as part of the 2020 ENIGMA cortical structure
GWAS paper(Grasby et al., 2020). The paper, among its top findings, found an association
between the genetic variant rs108066 on the surface area of the precentral gyrus after meta
analyzing genome-wide association results from 48 discovery cohorts of individuals of European
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ancestry, replicated the findings in the UK Biobank, and generalized the findings in datasets of
non-European individuals. We use this particular finding (i.e., the genetic variant association
with regional brain area) as our running example. Using this example, we continue to build on
the result by including independent data and formulate a novel scientific question to be asked of
the available data. The novel question presented in NeuroDISK is to use available meta-data
and individual cohort results to determine whether the strength of the particular genetic variant’s
(rs108066) association with the specific regional brain metric (surface area of the precentral
cortex) is associated with a demographic property of the cohorts (the mean age); we further
allow filtering of the cohorts by specific properties (genetic ancestry). The user would start by
selecting from a set of question templates. In this example, they would select: “Is the effect size
of «Genotype» in «Brain Imaging Trait» of «Region» associated with «Demographic Attribute»
for cohorts of «Genetic Ancestry»?”, with the brackets indicating variables. Then the user would
be offered choices to select the desired variable values. The result would be the user question.

Question templates are expressed as a machine-readable question pattern that consists of RDF
triples of the form {subject predicate object}. For our running example, this would be an RDF
triple in a question pattern:

effectSize isAssociatedWith DemographicAttribute

To specify question patterns, we follow a principled approach by using a Scientific Questions
Ontology (SQO) that organizes question templates and variables(Garijo et al., 2023). This
allows us to relate different scientific questions and to connect the user questions to LOls. The
SQO ontology is extended to create a Scientific Domain Ontology (SDO) with additional terms
from any new domain that can be used to specify question variables and choices. The data
source also uses a metadata ontology to describe datasets, which we refer to as the Data
Source Ontology (DSO). DSO should be designed to extend SDO, or at least should be well
mapped to it in order to support the specification of the data queries needed to support the
anticipated user queries. In NeuroDISK, the SDO is the SDO-ENIGMA ontology and the DSO is
the Organic Data Science (ODS)-ENIGMA ontology, which will be described in detail in Section
2.3.

Figure 4 illustrates the key concepts in the SQO and how they are used to create questions in
the SDO in NeuroDISK. We describe these SQO concepts first and then provide examples. Key
SQO concepts include:

e Question Category which helps organize all the question templates into broad
types of scientific inquiries such as association, counterfactual, prediction, etc.
e Question: The class of user questions. Each question class includes:
o A Template, which consists of a text in natural language containing slots
for question variables to be specified by a user.
o Variables that are filled by the user to express their question. In the
example above, a variable can be the demographic which can be used to
express user questions about age.
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Figure 4. An overview of the ontologies in NeuroDISK. The Scientific Questions Ontology (SQO) at the top illustrates
the main concepts and terms. Question templates in NeuroDISK have variables that users will fill out based on the
options specified in the Scientific Domain Ontology (SDO) with additional options that are dynamically retrieved from
the data source and expressed in a Data Source Ontology (DSO), as shown in the lower section of the figure. In
NeuroDISK, the SDO is the SDO-ENIGMA ontology and the DSO is the ODS-ENIGMA ontology. Each ontology is
grouped within a dashed box, where concepts are shown in different colors with labeled arrows indicating concept

properties, and arrows across ontologies indicating subclasses.
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o Constraints, which are logical expressions that represent the valid
combinations of variable values. These are used to ensure that candidate
questions make scientific sense.

o A Pattern, which is a collection of RDF triples that combines the pattern
fragments for all the question variables as described below.

e Question Variable: Each question variable is represented by:

o Variable Name:Denotes the name of the variable, e.g «Demographic»

o Option: Indicates the values that the question variables can take. The
possible values can be indicated in several ways:

m Static options: A list of options pre-defined on the SDO. In our
running example, the SDO-ENIGMA ontology has a variable
«BrainlmagingTrait» that has options ‘Surface Area’, ‘Thickness’,
etc.

m Dynamic options: A list of options generated at run time by
querying the data source, which would return terms from DSO.
This query will use the question’s Constraints. For example, to
generate options for a «Region» variable, the DSO for the data
source would return the brain regions that are covered in the
datasets available, such as the cortical regions used in this work:
‘Precentral’, ‘Insula’, etc.

m User input options: Allows the user to specify new variable values
directly through the user interface as free form input. Users can
only do this if they are very familiar with the domain and the
datasets.

o Min/max_Cardinality: Minimum/maximum number of options that can be
selected by the user for the variable. By default each variable accepts and
requires only one option (cardinality of 1).

o Pattern Fragment: The semantic expression (RDF triple) about this
particular question variable, and that is part of the question pattern for a
question.

Question patterns are expressed as a set of triples using terms from the SQO as well as the
SDO. For our running example, the question template has the following question pattern:

sdo:effectSize sdo:sourceGene sdo:Genotype

sdo:effectSize sdo:targetCharacteristic sdo:BrainImagingTrait
sdo:effectSize sdo:targetCharacteristic sdo:Region
sdo:effectSize sdo:isAssociatedWith sdo:DemographicAttribute
sdo:effectSize sdo:collectedFrom sdo:GeneticAncestry

When a user specifies their question and chooses variable values, the user question pattern is
instantiated with the corresponding variable values (using the ‘ods:’ prefix for the values
extracted dynamically from the data source and that are in the ODS-ENIGMA ontology). For
example, when a user chooses rs1080066 for Genotype, Precentral Cortex for Region, and
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Surface Area for BrainlmagingTrait, these are the triples that represent those choices in the user
question:

sdo:effectSize sdo:sourceGene 0ods:rs1080066
sdo:effectSize sdo:targetCharacteristic ods:SurfaceArea
sdo:effectSize sdo:targetCharacteristic ods:PrecentralCortex
sdo:effectSize sdo:isAssociatedWith ods:Mean Age
sdo:effectSize sdo:collectedFrom ods:EuropeanAncestry

Each LOI has an LOI question template expressed similarly as the user question templates
above. The LOI question pattern of each LOI is matched against the user question pattern
through logical unification(Baader & Ghilardi, 2010). All LOIs that match are triggered and their
methods are executed. The user’s question variables set up the LOI to find data and run
computational workflows, as we describe in Section 2.4.

The question templates currently defined in NeuroDISK for investigating questions about the
brain with neuroimaging genomics data in ENIGMA are:

o What is the effect size of «Genotype» on «Region» «Brain Imaging Trait»?
e s the effect size of «Genotype» on «Brain Imaging Trait» of «Region» associated
with «Demographic Attribute»?

We have also implemented the same questions with the addition of a filter, in this case filtering
by specific ancestry labels of the cohorts:
e What is the effect size of «Genotype» on «Brain Imaging Trait» of «Region» for
cohorts of «Genetic Ancestry»?
e Is the effect size of «Genotype» on «Brain Imaging Trait» of «Region» associated
with «Demographic Attribute» for cohorts of « Genetic Ancestry»?

These question templates can be generalized further. For example we used genetic ancestry as
a filtering criterion to replicate the discovery analysis of the original paper. However, the
ontology can be easily extended to support other demographic characteristics or cohort level
meta-data, for example, filtering by cohorts that use MRIs with a particular magnetic field
strength or a particular genotyping chip.

Figure 5 illustrates how users specify their questions in the NeuroDISK user interface and the
question pattern that results from it. Users do not need to be familiar with the ontologies or the
structure of the data repository to pose their questions to NeuroDISK. Note that the genetic
ancestry options are dynamically obtained from the data source and come from ODS-ENIGMA.

NeuroDISK can be extended with new question patterns and associated LOIs by users with

advanced knowledge about the NeuroDISK framework. Section 2.8 discusses different types of
users and their interactions with NeuroDISK.
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[Hypothesis or question:

Select a template that can express your hypothesis or question

Templates
rpe on ?Brain Imaging Trait of ?Region associated with ?2Demographic Attribute for cohorts groups filtered by ?Criterion for ?Value? X =

Is the effect size of ?Genotype on ?Brain Imaging Trait of ?Region associated with ?Demographic Attribute for cohorts groups filtered by
?Criterion for ?Value?

What is the effect size of ?Genotype on ?Region ?Brain Imaging Trait?

What is the effect size of ?Genotype on ?Region ?Brain Imaging Trait for cohorts groups filtered by ?Criterion for ?Value?
Is the effect size of ?Genotype in ?Brain Imaging Trait associated with ?Demographic Attribute?

Is ?Brain Characteristic associated with ?Neurological Disorder in comparison to healthy controls?

Is the effect size of ?Genotype on ?Brain Imaging Trait of ?Region associated with ?Demographic Attribute?

Fill in the template

?Genotype ?BrainimagingTrait ?Region
Is the effect size of rs1080066 ~ on Surface Area ~ of Precentral Cortex v
?DemographicAttribute ?Criterion
associated with Age Mean ~ for cohorts groups filtered by Ancestry - for I\
?Value
European Ancestry X a

Mexican American Ancestry

European Ancestry

Formal expression
Japanese Ancestry presst

3 :effectSize  targetCharacteristic ~ SA
Mixed Ancestry :effectSize  isAssociatedWith HasAge Mean (E)
:effectSize  sourceGene rs1080066

European and African
American Ancestry

:effectSize  targetCharacteristic ~ PrecentralCortex

:effectSize  collectedFrom European

Figure 5. The NeuroDISK user interface for specifying questions. (1) A user chooses among a set of pre-defined
question templates, which can be specific hypotheses with a posited outcome or simply exploratory questions. These
templates contain variables and their possible instantiations. (2) The user chooses values for each of the question
variables through pull-down menus. (3) The user’s question is turned into a question pattern consisting of RDF ftriples.

2.3 Organizing datasets through ontologies

Before we show how LOIs are triggered and executed, we describe in more detail how the
ontologies are used to describe the datasets in the data sources queried by NeuroDISK.

The data should be described with semantic metadata that is rich enough to capture the terms
that a scientist would use to identify what data they would consider relevant to a question or
hypothesis. Many data sources have semantic annotations, using metadata vocabularies to
describe characteristics of the data. In the case of NeuroDISK, the data source represents the
available information from clinical research studies that collect data from a cohort of participants
according to a specific study design with some inclusion/exclusion criteria, for example age
range or clinical diagnosis. The inclusion criteria and other characteristics of the participants and
the study design may be important for the user’s question. This description of the datasets is
often obtained through semantic metadata, defined as part of one of several ontologies.
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Project Cohort has ancestry Cohort Group
has cohort
gfﬁﬂ'gm?é Eg. ADNI group Eg. European

has cohort project

Cohort Project
Uemagraphic Value ¢ has demographic__| Eg. ADNIT ENIGMA3

Eg. MeanAge=74.8 attribute Cortical GWAS
has project
results
Project Results has content Content
Eg. ADNIM URL Eg. ADNIM
EMIGMA3 Results SignificantGWAS.csv
[ I |
has trait has brain region has SNP
Brain Imaging Trait Region Genotype
Eg. Surface Area Eg. Precentral Eg. rs1080066

Figure 6. An overview of the main concepts in the NeuroDISK ODS-ENIGMA ontology (the DSO in NeuroDISK) that
describe how cohorts and subsets of cohorts are used for specific projects.

Figure 6 illustrates the main concepts in the ODS-ENIGMA ontology. It represents useful
entities in the ENIGMA collaboration such as datasets, cohorts, organizations, protocols,
instruments, software, working groups, projects, and persons, together with the relationships
among them. It extends popular vocabularies for describing entities and actions (GuhaR, 2016)
and the W3C semantic standard PROV/(Gil et al., 2012) for provenance recording.

In the ODS-ENIGMA ontology, a central concept is a Working Group that represents how
several organizations in the ENIGMA consortium work together to analyze datasets on a
particular topic of common interest. Each working group uses multiple Cohorts (defined as data
from the set of participants who participated in a specific research study collected and
maintained by a particular set of investigators); select data from these cohorts have been
contributed by the working group members for collaborative analyses and projects, such as for
the ENIGMA Cortical GWAS project.

Metadata about cohorts include the Principal Investigator, any Covariates, and Brain Scan Data

Type, as well as relevant aspects of data collection, design type, and other statistical information
such as the mean age of participants. Cohorts can also include subsets of the entire cohort to
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better define the data contributed to an individual project, or to better define different inclusion
and exclusion criteria used in the same study (for different sets of participants).

Each working group organizes its members to collaborate in one or more Projects. A project
uses data and information from multiple cohorts contributed by the collaborators. For example,
the ENIGMA Cortical GWAS Project involves multiple cohorts and their associated data
properties for the GWAS analysis of cortical measures. A cohort can be used in multiple projects
and multiple working groups, but does not need to participate in all projects within any one

group.

A project often uses the subset of a cohort that meets specific inclusion criteria, called a Cohort
Group. A cohort can have multiple cohort groups, each with specific inclusion and/or exclusion
criteria that defines them. For example, a cohort group may be the subset of a cohort
considered “controls” or those without any neurological or psychiatric conditions. This distinction
helps describe the different assessments that may be applied to particular subsets of the cohort;
for example, “controls” may not have been asked to fill out questionnaires regarding medication
use or have follow-up data, whereas the subset of individuals with a diagnosis of interest would
have that information. A Cohort Project Group would then be considered the subset of the
cohort group included for a particular project that meet all project inclusion criteria and pass
quality control, such that exact statistics on included participants can be retained (e.g., N= 117,
mean age=39.5). This can also be extended for different analyses within a project.

This representation for projects has the ability to capture provenance by maintaining
descriptions of the cohort specifics that were used in a project at a specific point in time. This
system allows for conserving cohort versions that were undertaken under certain cohort
conditions. For example, the «cohort ABCD can have a cohort project
ABCD_proj_ENIGMAS3_Cortical_GWAS, which contains all baseline cohort information available
at the time of, and relevant to, the ENIGMAS3 Cortical GWAS project. As more information is
added to ABCD (such as new participants, covariates, assessments, etc.), this original Cohort
Project remains untouched for its associated analyses. This makes documentation for past
studies readily accessible.

To retrieve datasets described with this vocabulary, we express the queries using the W3C
SPARQL semantic query standard.(Harris et al., 2013) For example, the following statements
are used to create the query to retrieve all cohorts and their respective cohort projects and types
of brain scans:

?cohort a ods-e:Cohort
?cohort ods-e:HasCohortProject ?cohortProject
?cohort ods-e:HasBrainScanDataType ?ScanDataType

The ODS-ENIGMA ontology is modular and composed of several smaller ontologies. Table 1
gives an overview of these ontologies, which are documented online https://w3id.org/enigma.
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Table 1. Overview of the current ODS-ENIGMA ontologies in NeuroDISK.

Name Description

Core Ontology Main concepts of ODS-ENIGMA, elaborated further in other ontologies
Organization Ontology Organizations (institutions) of investigators that contribute to ENIGMA
Cohort Ontology Cohorts of study participants selected based on inclusion criteria
Demographic Ontology Demographics for cohort datasets

Working Group Ontology Dedicated working groups within the ENIGMA consortium

Project Ontology Projects undertaken by ENIGMA working groups

Person Ontology Researchers that participate in ENIGMA working groups and projects

Hypothesis or question template:
This line of inquiry can be used to investigate the following hypothesis or question
Is the effect size of(?Genotyp on[?BrainimagingTrait-] of[?Region ] associated with(?Demo Attribuie])

for cohorts groups filteredl by| ! io for[?V d

Data query template:
Data query explanation: Ge{ datasets for cohorts that follow all cgnstraints associated with this question
Data source: ENIGMAS3 Cor{ical GWAS Project Data obtained from the ENIGMA 0DS (Optology) a collaborative wiki for different working groups of ENIGMA.

Query template: @ HIDE QUERY TEMPLATE

1 SELECT * WHERE {
?project ?hasCohort ?Cohorts .
?hasCohort rdfs}label "HasCohort (E)" .
?Cohorts ?hasCohortProj|?CohortProjects|.
?hasCohortProj fdfs:label "HasCohortProject (E)" .
# Filters from question{template
?filter rdfs:label|?Criterion |.

?Cohorts ?filter (?Value e |
?CohortProjects |?hasProjectResults ?ProjectRepults .
10 ?hasProjectResults rdfs:label "HasProjectResullts (E)"
11 ?ProjectResults [?traitprop ?BrainImagingTrait ]

12 ?traitprop rdfsjlabel "Trait"

13 ?ProjectResults |?regionprop [?Region )
14 ?regionprop rdfd:label "BrainRegion"

15 ?ProjectResults 2sapprep(?Genotype J.

16 ?snpprop rdfs:label "SNP" .

LCo~NOOULLAE WN

17 ?ProjectResults ?contenturlProp ?CohortData .

18 ?contenturlProp rdfs:label "HasContentUrl (E)" .

19

20 # Some demographics require the number of participants

21 optional {

22 ?participantsProp rdfs:label "HasNumberOfParticipants (E)"

23 ?CohortProjects ?participantsProp ?nParticipants

24 }

25 ?CohortProjects ?DemographicAttributeProp ?tmpValue .

26 ?DemographicAttributeProp rdfs:label[?DemographicAttribute}.

27 # We transform the demographic value to a number and bind it to ?DemographicValue
28 BIND(

29 IF(?DemographicAttribute = "HasNumberOfFemaleSex (E)" || ?DemographicAttribute = "HasNumberOfMaleSex (
30 (xsd:integer(?tmpValue)/xsd:integer(?nParticipants)),

31 ?tmpValue)

32 as ?DemographicValue)

33 }

Figure 7. The LOI variable mappings between the variables in the question template and the variables in the LOI data query
template indicate to NeuroDISK how to retrieve appropriate datasets from the data source. The data query template is a SPARQL
query, and the actual data query will be completely specified once the user choices for the user question variables replace the
corresponding LOI query template variables according to the variable mappings.
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Data query:

1 PREFIX xsd: <http://www.w3.0rg/2001/XMLSchema#>

PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>

PREFIX rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#>

PREFIX disk: <http://disk-project.org/ontology/disk#>

PREFIX hyp: <http://disk-project.org/ontology/hypothesis#>

PREFIX sqo: <https://w3id.org/sqo#>

SELECT DISTINCT ?project ?Region ?CohortData ?DemographicValue ?BrainImagingTrait
?Cohorts ?DemographicAttribute ?Genotype

oONO LA WN

9 WHERE {

10 ?project ?hasCohort ?Cohorts

11 ?hasCohort rdfs:label "HasCohort (E)"

12 ?Cohorts ?hasCohortProj ?CohortProjects .

13 ?hasCohortProj rdfs:label "HasCohortProject (E)" .

14 # Filters from question template

15 ?filter rdfs:label ["HasAncestry (E)"}s=—————f{ 2Criterion: Has Ancestry

16 ?Cohorts ?filter ["European"}~————{ ?Value: European
17 ?CohortProjects ?hasProjectResults ?ProjectResults .
18 ?hasProjectResults rdfs:label "HasProjectResults (E)"
19 ?ProjectResults ?traitprop ?BrainimgTrait: Surface Area

20 ?traitprop rdfs:label "Trait" .
21 ?ProjectResults ?regionprop ["Precent ralCortex"].—» ?Region: Precentral Cortex |

22 ?regionprop rdfs:label "BrainRegion" .

23 ?ProjectResults ?snpprop ?Genotype: rs1080066
24 ?snpprop rdfs:label "SNP" .

25 ?ProjectResults ?contenturlProp ?CohortData .

26 ?contenturlProp rdfs:label "HasContentUrl (E)"

27 # Some demographics require the number of participants

28 optional {

29 ?participantsProp rdfs:label "HasNumberOfParticipants (E)"

30 ?CohortProjects ?participantsProp ?nParticipants

31 ¥

32 ?CohortProjects ?DemographicAttributeProp ?tmpValue .
33 ?DemographicAttributeProp rdfs:label ["HasAge Mean (E)"]—.—» 2DemographicAttribute: Has Age Mean

34 # We transform the demographic value to a number and bind it to ?DemographicValue

35 BIND(

36 IF(?DemographicAttribute = "HasNumberOfFemaleSex (E)" || ?DemographicAttribute = "HasNumberOfMaleSex (
37 (xsd:integer(?tmpValue)/xsd:integer(?nParticipants)),

38 ?tmpValue)

39 as ?DemographicValue)

40 '}

Figure 8. The data query generated from the user’s question, highlighting the relevant LOI variable mappings. The data query will
be used to retrieve datasets from the data source that are relevant to a user’s question.

2.4 Finding data

Once a LOIl is matched with a user’s question, the variables in the question are used to set up
the LOI. The first step is to set up the data query to send to the data source in order to retrieve
relevant datasets. Recall that the LOI has a data query template. To set up the LOI data query,
LOIs have pre-defined LOI variable mappings between the LOI question template and the LOI
data query template through their variables (Figure 7).

The LOI data query template has many variables that reflect how the data source is organized.
In the case of ENIGMA, datasets are contributed by members who participate in ENIGMA
working groups, where each member contributes data collected in their own clinical studies.
Analogous to user questions and LOI questions, LOI data query templates have a data query
pattern as a collection of triples that express the characteristics of the datasets sought.
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Variables specified in the user question

that are matched by the datasets Data retrieved for data query

Datasets retrieved: 1 1
# l'»t'mea SNP Trait AncestryGroup Demographic 1 Value CohortData 1
1 Precentral rs1080066 SA European HasAge Mean (E) 67.3 1000BRAINS_Significant GWAS.csv
2 Precentral rs1080066 SA European HasAge Mean (E) 74.8 ADNI1_Significant GWAS.csv
3  Precentral rs1080066 SA European HasAge Mean (E) 724 ADNI2GO_Significant GWAS.csv
4 Precentral rs1080066 SA European HasAge Mean (E) 19.6 ALSPACa_Significant GWAS.csv
5 Precentral rs1080066 SA European HasAge Mean (E) 385 ASRB_Significant GWAS.csv
6 Precentral rs1080066 SA European HasAge Mean (E) 62.4 BETULA_Significant GWAS.csv
7 Precentral rs1080066 SA European HasAge Mean (E) 22.6 BIG_Significant_GWAS.csv
8 Precentral rs1080066 SA European HasAge Mean (E) 225 BIG-PsychChip_Significant_ GWAS.csv
9 Precentral rs1080066 SA European HasAge Mean (E) 38.2 BONMN_Significant GWAS.csv
10 Precentral rs1080066 SA European HasAge Mean (E) 10 BrainScale Significant GWAS.csv

NEXT

Figure 9. The cohort data that are retrieved, showing for each cohort the demographics and other information that appeared in the
user’s question.

The LOI variable mappings are used to incorporate the variable choices in the user question
pattern into the LOI data query pattern to form the data query issued to the data source.

Figure 8 shows the data query in SPARQL for our running example, highlighting the LOI
variable mappings that appeared in Figure 7.

Once the data query is executed, the data source returns several datasets. The LOI indicates
which variables in the LOI data query template would be useful for a user to see about those
datasets. Figure 9 shows the results of the data query for the running example.

2.5 Analyzing data

NeuroDISK LOls can analyze data in two stages: analysis and meta-analysis. Analysis typically
refers to a method applied to a particular study (i.e, cohort). Meta-analysis typically refers to
consolidating the results from individual analyses. This is done because the data within a study
is often analyzed on site for privacy reasons. We represent them as workflows and
meta-workflows respectively.

Workflows specify the steps and data dependencies needed to carry out a computational
analysis, while meta-workflows capture the steps to aggregate the results from one or multiple
workflows. When the execution of a workflow is completed, the provenance of all workflow
execution results is captured, including the input and intermediate datasets as well as the
software components used. Meta-workflows have access to all the outputs generated by the
workflows, as well as to all the datasets retrieved by the LOI data query in case they are needed
for the meta-analysis.
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[2) Meta-Regression
Meta regression is considered as an extended statistical model of meta analysis, regressing the effect size against variable(s) of interest to
account for the systematic differences of the effect sizes
Meta-workflow inputs:
area: ?7Region
cohortData: ?CohortData
demographic: ?DemographicLabel
demographic_value: ?demographicValue
shp: 7Genotype
trait: ?BrainimagingTrait
Meta-workflow outputs:
p_value: This file contains the confidence value
log: This file will be made avaifable to download
brain_visualization: This file will be made available to download
scatter: This file will be used on visualizations

Figure 10. The LOI's meta-analysis is done through a meta-workflow, in this case for meta-regression. The LOI variable mappings
are used to take the results of the data query and set the inputs to the meta-workflow.

Provenance and Explanation X
N
|
L'\_____ /' The Hypothesis "Is the effect size of the association between SNP rs1080066 and the Surface Area of the Precentral
gyrus associated with a cohort's mean age in cohorts of European Ancestry?" was tested with the line of inquiry
"Meta regression with ancestry". The analysis was SUCCESSFULLY run on 21:06:37 2023-08-14 with the following

L datasets: -
[ 2 | Datasets retrieved: ;-/" N
A # Area SNP Trait AncestryGroup Demographic Value CohortData I"-\_ 3 ) )

1 Precentral rs1080066 SA European HasAge Mean (E) | 67.3 1 DOUBRAINS_Siqnificam_GWAS.csv”_-.

2  Precentral rs1080066 SA European HasAge Mean (E) | 74.8 ADNI1_Significant GWAS.csv

3  Precentral rs1080066 SA European HasAge Mean (E) | 72.4 ADNI2GO_Significant_GWAS.csv

4 Precentral rs1080066 SA European HasAge Mean (E) | 19.6 ALSPACa_Significant GWAS .csv

5 Precentral rs1080066 SA European HasAge Mean (E) | 38.5 ASRB_Significant GWAS.csv

6 Precentral rs1080066 SA European HasAge Mean (E) | 62.4 BETULA_Significant_GWAS.csv

7 Precentral rs1080066 SA European HasAge Mean (E) | 22.6 BIG_Significant_GWAS.csv

8 Precentral rs1080066 SA European HasAge Mean (E) | 22.5 BIG-PsychChip_Significant_GWAS.csv

9 Precentral rs1080066 SA European HasAge Mean (E) | 38.2 BONN_Significant GWAS.csv

10 Precentral rs1080066 SA European HasAge Mean (E) | 10 BrainScale_Significant_ GWAS.csv

NEXT
P
[ 4 [Z] Run: Meta-Regression &

“__~ Generated outputs:

# Name File

1  pvalue p_value-jgabrc16ijn0zz1dsg01mff9

2 log log-5gike9yoq7avuzkl3t7ibwm3y

3 brainvisualization  brain_visualization-830awge1greéieihclalw4awd
4 scatter scatter-7h61gu00g3sornkho467dkvst.png

The resulting p-value is 0.0182

Figure 11. NeuroDISK captures the provenance of all execution results of the analysis and meta-analysis workflows and uses it to
generate explanations for users. In this case: (1) the original question or hypothesis is shown along with the name of the selected
LOI; (2) the datasets retrieved corresponding to several cohorts; (3) datasets and dataset characteristics that were input to the
meta-analysis; (4) the results of the meta-analysis, which include a confidence value as well as visualizations of the results.
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DISK UI - Hypothesis View DISK Ul - Line of Inquiry View
Is the effect size of the association between SNP rs1080066 and Meta regression with a filter /
the Surface Area of the Precentral gyrus associated with a cohort's /'
mean age in cohorts of European Ancestry?

Description: This line of inquiry is designed to investigate if the effect size of a particular genotype on a
morphometric feature of a specific brain region is associated with a demographic attribute of the cohorts for
those filtered by some characteristic such as ancestry. Cohort data from ENIGMA projects is retrieved based on

ption: Run meta for genetic analysis to detect the relationship between

effect size and mean age of each cohort (European ancestry only) these requirements. The data is analyzed with a meta-regression on the effect sizes of the individual cohorts
Additional notes: : Hypothesis or question template: _ ,
Hypothesis or question: 1 This line of inquiry can be used to investigate the fol hypothesis or question: H
stion 4 1 1 Is the effect size of on of associated with !
Is the effect size of rs1080066 on Surface Area of Precentral Cortex associated with ! H

ie for cohorts groups filtered by for ?
Age Mean for cohorts groups filtered by Ancestry for European

Data query template:
Data source: ENIGMA3 Cortical GWAS Project

B ice formal expression

| ceffectSize  sourceGene 151080066 |

, ceffectSize  isAssociatedWith  HasAge Mean (E)

2

Data obtained from the ENIGMA 0DS (Ontology) a collaborative wiki for different working groups of ENIGMA,

[Number of Cohorts] vs [-log(p-value)]

No workflows specified.The data retrieved will be used directly in the meta-workflows

Meta workflows:

meta-workflows:

) ceffectSize targetCharacteristic  PrecentralCortex 3 Forr e P |
| effectSize  collectedFrom European : 3 project :HasCohort 2Cohorts |
! 2 ?Cohorts :HasCohortProject ?CohortProjects . H
Lines of inquiry triggered to test this hypothesis and answer the - '3 # Filters from question template |
question: s UPDATE [ ?filter rdfs:label ?Criterion . |
________________________________________________________________ v 5 ?Cohorts ?filter ?Value . !
1 ©p Triggered line of inquiry: Meta regression with a filter 7 runs '\ i 6 ?CohortProjects :HasProjectResults ?ProjectResults . |
! Overview of results ) 07 ?ProjectResults  :Trait ?BrainImagingTrait . '
# Date Run Status  Input Files  Output Files  Confidence Value } 18 ?ProjectResults  :BrainRegion ?Region . '
1 202407-3020:08022 +/ DONE 10 [[§ -y 0.3645 (p-Value) 4 1 9 ?ProjectResults  :SNP ?Genotype . '
2 202407-3020:0811Z  DONE 20 [[§ 1B 0.6955 (p-Value) 1 5 V10 ?ProjectResults :HasContentUrl ?CohortData . '
3 202407-302008202 / DONE 30§ +B 0.3552 (p-Value) | 111 # Lines omitted for simplicity :
4 202407-3020:0828Z  DONE 40 [[§ 1§ 0.2533 (p-Value) )
5 202407-3020:08392 / DONE 43§ Y 0.0206 (p-Value) ) Methods:
6 202407-3020:0844Z  DONE 49 [[§ Y 0.0828 (p-Value) 1 "
' Workflows:
7 202407-302008:55Z  DONE 50§ 1R 0.0043 (p-Value) ' 4
! The data analysis methods are represented in the following workflows:

\me results of all the data analysis methods are aggregated by these meta-methods, represented in the following

M E) Meta-Regression &

1 Meta regression is considered as an extended statistical model of meta analysis, regressing the effect size

'

1 against variable(s) of interest to account for the systematic differences of the effect sizes being meta-analyzed

Meta-workflow parameters:
area: 7Region
demographic: ?DemographicAttribute
demographic_value: ?DemographicValue
snp: ?Genotype
trait: ?BrainimagingTrait
Meta-workflow inputs:
cohortbata: ?CohortData
Meta-workflow outputs:
scatter: This file will be used to generate visualizations
p_value: This file contains the confidence value
log: This file will be used to generate Shiny visualizations

1 br:

sualiza

Figure 12. NeuroDISK continuously checks if the results for a user question have changed due to new data becoming available or
due to workflow or meta-workflow updates. (1) The standing user question continuously triggers the matched LOI; (2) the user
hypothesis contains variables; (3) those variables are used to set up a query to retrieve relevant data; (4) the data is then analyzed
with workflows; and (5) the LOI is re-executed every time that additional data is retrieved from the data source, and the user can see
how the results change. On the left is the user’s view of the hypothesis and the results over time. In this case we show the -log10 of
the p-value against the iterations, and overall highlight smaller p-values or an increase in confidence (higher points on the plot) with
added data points. Users can ask for details on each run, and can request to see the LOI as shown on the right.

ENIGMA working groups often have projects that conduct meta-analysis, as individual subject
information may not always be sharable. In this case, a statistical analysis such as a
genome-wide association study (GWAS) is carried out locally at each of the sites that has
stewardship over its own data, and only summary results are shared for meta-analysis. For our
running example based on a project within the ENIGMA Genetics Working Group, NeuroDISK
conducts the meta-analysis to combine the partial set of results of the individual
site(cohort)-level analyses, and therefore, the currently implemented LOIls do not conduct any
subject-wise analysis. In other words, the data source for the current examples includes a
partial set of the results of the individual cohort analyses; when the data query retrieves these
results, the LOI variable mappings pass the information to the meta-analysis workflow (Figure
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10). The results of running NeuroDISK for a user question are highlighted in Figure 11,
explaining the LOI used, the datasets retrieved, and the results obtained. These explanations
are generated from the provenance records that DISK keeps, including provenance records for
the workflow executions that the workflow execution system provides as described below.

2.6 Continuously updating results

NeuroDISK continuously checks for new information that could be used to answer an active
query; new information may be new cohort data added to the data source or new workflows to
reflect new analysis methods. In such cases, NeuroDISK re-runs the LOI to update the findings.
Therefore, there may be several runs of the same LOI in response to a standing user query, all
of which are captured and saved.

Figure 12 illustrates how users see this process. In this case, initially 10 datasets are available,
and eventually up to 50 cohorts’ datasets become available in the data source.

2.7 Implementation of NeuroDISK

An integrated overview of the components of NeuroDISK is shown in Figure 13. We distinguish
among users who formulate questions and receive the results, advanced users who define the
types of questions and corresponding lines of inquiry, and developers who integrate new data
sources and workflow software into the framework.

In NeuroDISK, the data source is implemented in the Organic Data Science (ODS)
framework(Gil et al., 2015), an extension of Semantic MediaWiki(Krétzsch et al., 2007). This
enables users to view metadata of different datasets and to add new metadata as needed. In
NeuroDISK, we set up a separate ODS site per ENIGMA working group, since each group
operates largely independently, although these largely share the same ontologies. The ODS
data source we make available as part of this publication is one which contains published
information(Grasby et al., 2020) from the cortical GWAS project of the Genomics Working
Group.

In NeuroDISK, workflows and meta workflows are executed through WINGS(Gil et al., Jan.-Feb
2011, 2011), an intelligent workflow system that propagates semantic constraints to ensure that
the analysis is valid for the data at hand, and to set up parameter values that are appropriate for
the input datasets. WINGS exports provenance information to DISK, so that it is accessible to its
users.

The architecture of DISK is modular, and other data sources and workflow systems can be
integrated. Figure 14 shows the data adapters and APIs defined for DISK.

NeuroDISK is fully implemented, and links to a web portal, system software, ontologies, and
other materials are included as Supplementary Materials. The system can be installed as a
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software container or building from source code. The system is documented in detail with
guides for users, developers, and system administrators.

User

Defines

Developer

Question Template Scientific Scientific
< Question | _____| Domain
General pattern OntOIOQV OntOIOQV
(SQO) (SDO)
T A
H 1 . 1
3 ypothesis Malches Line of Inquiry
Specifiesy €
- A statement that can be How to get data and
tested solve questions
X
2]
[a)]
Triggered Line of Inquiry \\
(Outputs) ¢
Specifies the data query and workflows to .
test the hypothesis Analysis Methods
(Collects inputs)
| _______c ollectsinputs) | RIS
e | L |— |Workflows Meta
(Record provenance) Workflows
AN J/
A J A
> Data Store
0
_g Data Source - Workflow System
=
[0}
3 W > @
= Workflow
£ Metadata templates
L Datal
X
] Source
Ontology A A
(DSO)
Integrates Integrates

Advanced
User

Figure 13. A diagram of the architecture components of DISK. Users specify hypotheses or questions that conform to pre-defined
templates. Advanced users have added pre-defined LOls that are triggered when they match the user’s question. The LOls
generate queries to retrieve data from a data source, and the data is analyzed through workflows and meta-workflows. A developer
can set up new data sources and new workflows in the DISK back-end.
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DISK User interface

A
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DISK REST API
1 RDF Triple
/ Store
(Apache Jena)
5 DISK Core
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30
e = '§ Method Adapter Data Adapter [EGEEEEEEL :
i £ A A |
z | | o
8 ! | e L |
k5 WINGS Adapter AirFlow Adapter Semar;g’ameef'aw'k' = |
i A A A A !
: 3 ! :
w _ ' 0 '
o o, . o ! i
s < oy <. i
] ! o, '
(43] | ! h 4
s Y Y Apache Airflow &
5] WINGS Common Workflow -
< Language (CWL) Semantic S3 data
w MediaWiki storage

Figure 14. A diagram of the DISK APIs and adapters that enable interoperability with other data sources and workflow systems.
DISK provides abstract classes to implement both data adapters (for data sources) and method adapters (for workflow systems).
The current implementation of DISK includes method adapters for two workflow systems, WINGS and AirFlow, and one data adapter
for the Semantic MediaWiki platform.

3. Results

We demonstrate the use of NeuroDISK to simulate hypothesis-driven discovery and continuous
result updates using and extending a well-known ENIGMA publication(Grasby et al., 2020), in
which researchers from institutions around the world participated in this study by following
specific standardized protocols to: 1) extract neuroimaging derived traits from the cortical brain
surface; 2) impute the genotyping data 3) quality control all the data; and 4) run a series of
linear association models (or mixed effects models depending on population structure) to
identify genome-wide associations with cortical brain imaging measures. 70 total brain imaging
traits were assessed genome-wide (~18,000,000 genetic variants). The results from cohorts of
European ancestry were meta-analyzed together using an inverse-variance based weighting.
Replication analysis was performed by meta-analyzing results from the ENIGMA cohorts with
that of a single large cohort, UK Biobank, with over 10,000 individuals. These final
meta-analyzed results were then used to demonstrate generalizability in other cohorts of
individuals from non-European ancestry.
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While final meta-analyzed results are available for the full genome-wide and image-wide set of
variables on the ENIGMA website, it has been suggested that raw cohort level results can be
used to identify an individual participant(Cai et al., 2015; Homer et al., 2008). Therefore, here
we work only with a subset of results. The subset of summary statistics includes the effect size,
standard error, and p-value calculated for 14 of the significant associations discussed in the
paper between specific single nucleotide polymorphisms (SNP) and surface area or thickness
for cortical regions of interest. The individual cohort-level results were made available as part of
the Forest plots in the supplementary materials of the original publication. The set of results per
cohort were uploaded into NeuroDISK as a single file, with the results of each SNP as an
individual row, allowing the set of findings made available to easily be extended in the future.
While all 14 associations are available for users to peruse, our running example uses the most
significant association identified in the original publication — the SNP rs1080066 and the
surface area of the precentral cortex. We also capture meta-data related to the sample size, sex
distribution, mean age, and ancestry information available from participating cohorts.

We first reproduce the results of the Grasby et al(Grasby et al., 2020) publication with a
meta-analysis of all effect-sizes as weighted by the inverse variance of the effects. Next, we
show how cohort-specific meta-data can be integrated to ask a novel question of the data,
which may help identify discrepancies in results across cohorts. Finally, we add data from the
Adolescent Brain Cognitive Development Study (https://nda.nih.gov/abcd)(Jernigan et al., 2018)
a cohort that was not available as part of the original 2020 paper, and highlight how
incrementally adding data can change results, altering confidence in the original meta-analysis
and the novel meta-data based analyses. We detail these results below.

3.1 Replicating the published ENIGMA GWAS meta-analysis

In Grasby et al.,(Grasby et al., 2020) we and over 300 co-authors performed a standardized
genome-wide association study meta analysis as described above. Here, we show that when
the individual level cohort summary results for the SNP of interest are stored in the ODS
database, we can query the association with NeuroDISK and trigger a meta-analysis workflow.
The query specifically searches for association results of SNP rs10810066 on the precentral
surface area, filters for cohorts of European ancestry, and performs a meta-analysis. Our
meta-analysis workflow also generates a Forest plot for visual comparison of effect sizes per
cohort. Users are presented with the individual datasets that the query returns and have the
option to remove individual cohorts. Here we show that a meta-analysis of all discovery
ENIGMA cohorts and the UK Biobank results yields results very similar to that of the published
work (Figure 15). The slight discrepancy is due to the fact that in the publication the ENIGMA
cohorts were meta analyzed together first, then UK Biobank was meta-analyzed with those
results, where as here we meta-analyze results from all cohorts (including UKBiobank) together.
We show this by comparing the results of two associations (rs10810066 on the precentral
surface area) from both the original publication and that of NeuroDISK’s reassessment with and
without UK Biobank (Table 2). We show that the resultant effects are nearly identical without UK
Biobank, but differ slightly in significance with UK Biobank due to the difference in how the
cohort was included, as the Grasby et al paper meta-analyzed the result of all 48 ENIGMA
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cohorts (considered discovery) with that of UK Biobank (considered replication), while here we
meta-analyze all 49 cohorts simultaneously.

Scientif

template info (published)

Meta Analysis Workflow Meta'AnalySiSHOf ENIGMA Studies

ic question

Enter Range

Precentral (correcting for Total Surface Area) A Min Value (minis0) Max Value (max s 120
rs1080066 15:39634222 Effect of a allele (Freq=0.9091) J< ¥
T \
1000BRAINS b -86.81[-169.88, -375] 0 5 120 . RUN ANALYSIS
ADNI1 —— -125.99 [-184.94, -67.04] i
ADNI2GO —— -75.66 [-130.02, -21.28]
ALSPAC [ -10222-186.78, -37.67)
ASRB f——— -58.40 17855 61.75)
BETULA e —— -97.21[-185.92, -8.50]
8iG i -105.30 [-151.48, -50.30] The results are for: 1 Scientific question
. —— . - : L i S|
S&:’mcw —_— 1‘2133[!5517213;' 13; Ii} Area: Precentral ~ SNP: rs1080066  Trait: Surface Area ] & template info (NeuroDISK)
CARDIFF e -183.35(-285.22, -81.47) N
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DNS-V4 e 17573 (277,23, -74.23] Forest Plot
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Figure 15. Meta analysis workflow results to validate the NeuroDISK framework can reproduce the published meta
analysis results(Grasby et al., 2020). Left: Published Forest plot for the effect size of SNP loci rs1080066 on the
precentral surface area and from supplements of published results(Grasby et al., 2020). Right: Forest plot using the
NeuroDISK meta analysis workflow highlights successful replication.

Table 2. Reproduced genetic association results for precentral surface area and rs1080066 for ENIGMA discovery

cohorts with and without UK Biobank.
Precentral surface | ENIGMA Discovery Cohorts ENIGMA Discovery + UK Biobank
area and
rs1080066-A allele | pypjished Replicated Published Replicated
Effect size | -110.56 -110.51 -111.78 -116.32
(unstandardized
beta)
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Figure 16. Meta regression workflow results show a scatter plot displaying the association between the effect size of
an association of interest, here being the effect of SNP rs1080066 on precentral surface area (y-axis), against the
mean age of each cohort (x-axis). The visualization is based on R Shiny (https://www.rstudio.com/products/shiny/)
and is interactive such that users can click any point to check the cohort information. Clicking the regression line
shows the beta value and p value of association. The size of each point is a reflection of the sample size of the
cohort. (Right) Users can also adjust the demographic variable of interest to selectively display cohorts that fall within
a specified range, ie., the mean age between 0-60 years old.

3.2 Asking and answering novel questions

When working across such diverse cohorts and performing meta-analyses, researchers may be
interested to know whether there are aspects of particular datasets that are driving the
associations. For example, is the effect of a genetic association a function of the age of a
specific cohort? We can ask and answer such questions within the NeuroDISK framework.
Specific association results and covariates are retrieved from the ODS, and meta analysis or
meta regression workflows are provided as options. In the case of rs1080066 and precentral
surface area, the meta regression workflow corresponds to ‘Is the effect size of rs7080066 on
Precentral SA associated with mean age of the cohort?” We performed a meta-regression to
determine whether there was an association between the effect size of the SNP’s association
with the cortical structure and mean age of each cohort. Our meta-regression workflow weighs
the effects of the cohort by its sample size and regresses the effects against the cohort-specific
factor, in this case for mean age. The workflow includes a scatterplot as a visual output and
allows the user the option to filter cohorts by limits on the factor. For example, in Figure 16 we
show results of the meta-regression across the full set of cohorts (left) and after filtering to only

28


https://www.rstudio.com/products/shiny/
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

include cohorts with mean age under 60 years (right). Although not shown, filtering can also be
done as part of the meta-analysis in section 3.1.

3.3 Continuous updates of results

The NeuroDISK framework can re-execute queries as more data becomes available. We
demonstrate this re-execution through continuous retrieval of data and updating of results by
artificially simulating the availability of new data over time. We subsampled the available data,
starting with 10 cohorts (N = 10) and then iteratively adding 10 more cohorts at a time (N = 20,
30, 40, 48) until we reached 48 total cohorts, equal to the total number of cohorts in the original
ENIGMA discovery cohort (not including UK Biobank). We then added UK Biobank, which was
analyzed separately in the original paper (N = 49). Lastly, we added a new external cohort, the
Adolescent Behavioral Cognitive Development (ABCD) dataset, which was not in the original
publication, so associations were calculated separately and uploaded onto the ODS (N = 50
cohorts).

ABCD is the largest longitudinal neuroimaging study for child health in the United States, which
has recruited more than 10,000 children around 9 to 10 years old(Casey et al., 2018) with deep
genotyping using the Affymetrix Axiom Smokescreen Array. We extracted demographic
information such as age, sex, and scanner information (SIEMENS/GE/Philips) for the baseline
(N = 11,362) data. T1 weighted MRI from ABCD 4.0 release data were processed by the ABCD
group(Hagler et al., 2019) and baseline cortical surface area or thickness measures were
extracted using Freesurfer version 7.1.1 available in release 4.0. We calculated the first four
components of MDS using the ENIGMA protocol and followed the ENIGMA genetic imputation
protocol and QC criteria (Minor Allele Frequency < 0.01; Genotype Call Rate < 95%;
Hardy-Weinberg Equilibrium < 1x10°). We filtered for individuals of European ancestry as in the
ENIGMA Genetics Imputation protocol available online
(https://qithub.com/ENIGMA-qit/Genetics/tree/main/ENIGMA2/Imputation), where a radius of
0.0066 was set around the first, second and third MDS components of the CEU centroid,
resulting in a sample size of N = 5,202. The distance was calculated by covering 95% of the
first, second and third MDS components of the European centroid data. We used GCTA(Yang et
al., 2011) to estimate the genetic relationship matrix (GRM) from 452,544 SNPs, which was
subsequently used in a linear mixed model regression of the specific SNPs of interest on the
brain regions of interest using GCTA-MLMA(Yang et al., 2014) and including age, sex, and
scanner manufacturer (Siemens, GE, or Philips) as fixed covariates along with the first four
genetic components derived from multidimensionality scaling, as performed in the original
ENIGMA publication(Grasby et al., 2020).

As ABCD was not used in the original publication, these genetic association tests were run
separately before corresponding genotype-phenotype association results were uploaded onto

the ODS for follow-up continuous meta-analysis and meta-regressions.

Figure 17 shows the meta-regression results of the consecutive runs with increasing sample
sizes and shows the trend of the outputs mapped against the number of data inputs. On the Ul
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itself, users can see the final p-value of the association and access the plots (Figure 16) to
help visualize the individual data points. As the number of cohorts increase to 40 or more, the
effect of mean age on the effect of the SNP on the cortex appears to reach nominal significance
(p=0.02), showing a trend towards younger cohorts having a greater genetic effect. We do note
that no stable trend is being observed, and more data will be needed to establish greater
confidence in the significance of the association.
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Figure 17. Continuously updated findings. The NeuroDISK user interface shows results across all runs in one
location for ease of comparison. We display the meta-regression results of continuous runs of the effect of SNP
rs1080066 on the precentral surface area versus mean age of the cohort. To demonstrate a continuously growing
database of cohort data, the first 10, 20, 30, and 40 samples were taken at random from the initial list of 48 cohorts of
European ancestry involved in the original ENIGMA cortical GWAS publication(Grasby et al., 2020). The 49th cohort
was the UK Biobank dataset which served as a meta-analysis replication in the original publication, and the 50th
included cohort was ABCD, a cohort not involved in the original publication. We notice that as the number of cohorts
increase, the effect of mean age on the effect of the SNP appears to reach nominal significance, although as the
result hovers around the nominal p=0.05 threshold, more data will be needed to ensure stability of the effect. The
-log(10) of the p-value is plotted on the y-axis, so points higher along the y-axis are more significant.

In summary, our results show that NeuroDISK can perform data analysis continuously and
automatically, and our methods yield results that replicate the original publication and allow
users to delve deeper with the data and ask additional questions of summary results that were
not answered in the original study. NeuroDISK is ideal for meta-analytical studies, as
demonstrated in this work, but can also be extended to large-scale coordinated analyses using
individual subject level data points.

4. Discussion and Conclusion

We have presented a novel Al approach to scientific problem solving that captures how
scientists pursue inquiry-driven discoveries through explicit knowledge structures called lines of
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inquiry. We use Al techniques to represent how scientists pose questions or hypotheses, how
they characterize the data needed to address a given question, and what methods are
appropriate to analyze the data found. We use Al reasoners to execute expression matching,
variable assignments, constraint propagation, and other forms of problem solving needed to set
up and run lines of inquiry. Our approach is implemented in NeuroDISK, which extends the
general-purpose DISK framework with lines of inquiry for multi-site imaging genetics, including
datasets with descriptive metadata and workflows for analysis. We demonstrated NeuroDISK by
reproducing the results of a well-known publication following our approach, and showed how the
results can be updated automatically when new data becomes available.

NeuroDISK has demonstrated important capabilities for the automation of inquiry-driven
discovery, specifically:

e Guiding scientists to specify neuroimaging genetics inquiries that can be tested with
available datasets. NeuroDISK can guide scientists to specify an inquiry (question or
hypothesis) by selecting from possible questions that can be answered using available
datasets. This is possible because NeuroDISK uses question patterns that are tied to
ontologies representing the kinds of terms in questions that could be answered with the
data available. The underlying DISK framework provides a general ontology of scientific
questions and hypotheses that provides overarching concepts that guided the design of
the neuroimaging genetics question ontology in NeuroDISK.

e Automatically selecting among possible approaches that represent how to answer
common types of neuroimaging genetics inquiries with existing datasets. NeuroDISK
contains lines of inquiry that express the general approaches that a scientist would
pursue for a given inquiry, including what kinds of datasets to use and how to analyze
them. NeuroDISK lines of inquiry provide the basis for taking a scientific question and
automatically generating a query to a data repository, then setting up and running
analyses for the data found, and finally consolidating the results to answer the question.

e Automatically finding data by generating data queries that describe characteristics of
datasets from existing neuroimaging cohorts that make them useful for different types of
scientific questions. NeuroDISK includes ontologies to describe cohorts datasets
collected in neuroimaging studies and to describe subsets of those cohorts that have
been used in ENIGMA projects. Dataset characteristics include genotypic, phenotypic,
and other demographic information. These representations enable NeuroDISK to
automatically retrieve and reuse available datasets. This approach is consistent with the
FAIR data principles(Wilkinson et al., 2016) by providing a descriptive metadata to find,
access, integrate, and reuse datasets. For NeuroDISK, metadata about project cohorts
is in the data repository (the ODS Wiki), in a machine readable format and accessible
through APls.

e Automatically apply methods by elaborating and executing appropriate steps to analyze
the available data to investigate an inquiry posed by users. NeuroDISK reasons the
representations of scientific questions and the representations of lines of inquiry in order
to automate this process. In this way, NeuroDISK generates data queries to retrieve
appropriate datasets and set up executable workflows for analyzing that data with the
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required inputs. This may be decomposed into analysis, done with workflows, and
meta-analysis done with meta-workflows.

e Updating results by continuously monitoring the available data sources and triggering
new runs on the relevant lines of inquiry. NeuroDISK considers standing user inquiries to
reconsider lines of inquiry that query data sources for new datasets. When new data is
returned, the analyses are executed again and the results are updated.

e Presenting the findings through explanations and summaries of the analyses conducted.
NeuroDISK generates explanations of how a result was generated based on the
provenance records of the execution of a triggered line of inquiry and its associated
queries and workflows. When new datasets are added, NeuroDISK summarizes the
differences among all the triggered lines of inquiry so that the changes in findings can be
tracked.

Our system has certain limitations given that NeuroDISK was designed with a specific scope
based on the select ENIGMA projects that we targeted. We designed NeuroDISK with
modularity in mind so that it can be easily extended for other datasets, projects, and studies. For
example, new ontologies and workflows would need to be created for other neuroimaging data
of different modalities (diffusional MR, functional MRI etc.).

NeuroDISK is designed to support scientists to explore questions and hypotheses. Rather than
executing the above steps and processes manually, scientists can rely on NeuroDISK to
automate the process and present the results in context. This may save scientists significant
time and effort. It also has assurances that the analysis is valid, since it uses proven methods as
represented in NeuroDISK. In addition, NeuroDISK reconsiders a scientist’s question whenever
new relevant data becomes available. This would add a novel dimension to scientific research,
namely obtaining updates of published findings as more data is collected in various
neuroimaging studies over time. This could help increase the confidence of published findings
or lead to revisiting previously explored questions to refine the scope of a past investigation. As
new datasets are incorporated into the analysis, a scientist can consider more specific
questions such as filtering by a demographic characteristic where enough data is now available.
Finally, NeuroDISK could be extended to automatically generate visualizations that highlight the
results in different populations so that scientists can consider potential future investigations.

Beyond individual users, there are many benefits of a framework like NeuroDISK for use in
scientific collaborations such as the ENIGMA consortium. First, method validity: lines of inquiry
and workflows in NeuroDISK would be used for many analyses and reviewed by multiple users.
This would be in contrast with current practices where individual researchers establish their own
methods and software. Second, dissemination of new methods and method reuse: Our system
makes it easy to run existing methods as there would be no prior learning needed to apply
them. Third, transparency and reproducibility of the analyses: Everyone can access the
provenance traces for any analyses in the collaboration. Fourth, promoting FAIR data and FAIR
method practices: Al reasoners need explicit metadata and representations that are also useful
for human scientists. Fifth, comparison of experimental results would be facilitated as the
provenance and lines of inquiry would be comparable side by side.
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Adopting a framework such as NeuroDISK could raise concerns about stifling scientific
creativity, since the framework would run the same workflows and methods for all data while
human-driven analyses would naturally include many variants (using different software, different
order in the steps, etc). We argue that the current human-driven processes have resisted
creativity and innovation. Each researcher has a tendency to use software that they have used
before, since using new algorithms and methods can have a significant learning curve. With
NeuroDISK, it would be easy to replace workflow fragments with new methods that become
available in the literature. Scientists could easily compare and contrast new methods and see
the results of re-running previous analyses using the new methods. We believe our system
would stimulate more creativity in terms of exploring new combinations of methods and
incorporation of new algorithms.

Intelligent generation of visualizations is also an area of future work. Different types of
visualizations may be more useful depending on the scientific question at hand. For example, a
visualization may focus on the distribution of the input data for statistical analysis and
significance, while others may focus on domain-specific illustrations—like 3D brain images—to
aid in exploration. Including these visualizations in our workflows requires domain-specific
knowledge from researchers. Visualization is a key aspect for understanding the outcome of an
analysis, and easing data exploration may lead to additional scientific questions or prompt
researchers to create new datasets to fill in existing gaps.

Because all the scientific questions in NeuroDISK are machine readable, our approach can
easily be extended to retrieve semantically similar questions and datasets that have been posed
by other investigators and may be related to a new question. NeuroDISK can group similar
questions so that their results can be compared. Improving this support for comparing scientific
questions may provide researchers with new insights.

NeuroDISK automates many key steps and processes for discovery that are mostly carried out
manually today. This is a crucial contribution to the development of Al scientists that can
automate scientific exploration and discovery. Today, these steps and processes are typically
described as part of the methods section of publications. However, they are not in a
machine-readable representation. Moreover, the descriptions of methods are often partial or
incomplete(Garijo et al., 2013) which makes it difficult for Al systems to access this information.
In contrast, NeuroDISK makes these steps and processes machine-readable and therefore
accessible to Al reasoners.

NeuroDISK demonstrates the automation of sophisticated reasoning involved in scientific
discovery processes including data retrieval and analysis through planning, reasoning, and
execution techniques, leading the way for Al scientists.

Scientific practice would be fundamentally transformed through these developing Al scientists.

Scientific advances would be greatly accelerated through the automation of analyses. Pursuing
new investigations could potentially be completed in a matter of hours or days rather than
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months or years. In addition, new results would be more reliable, as they would come with
some guarantees of correctness by using lines of inquiry that reflect well known methods and
best practices, rather than be prone to human error and misunderstandings. Extensive
provenance and explanation would be available for examination, rather than the limited
documentation provided in scientific publications. We imagine a future where, once a scientific
article is published, its findings are continuously updated when new evidence comes to light,
opening the way to fully digital and comprehensively computational paradigms for science.
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6. Supplementary Materials / Data Availability

In this section we provide links to web resources, datasets, and workflows developed in our
work to date in NeuroDISK and the underlying DISK system:

e Data availability statement: All data and code used in this work are publicly available.
The individual cohort results are available as part of the supplementary files of the
Grasby et al 2020 publication, and also made available on NeuroDISK. The ABCD
dataset, the only one not used in the original Grasby publication, may be accessed at
https://nda.nih.gov/abed. Summary statistics of the genotype-phenotype associations
tested here can be accessed through the available NeuroDISK platform.

e DISK:

o DISK software: https://doi.org/10.5281/zenodo.10931904
o DISK system user guide and documentation: https://disk.readthedocs.io/
o DISK’s Scientific Questions Ontology (SQO): https://w3id.org/sqo
o DISK project web site: https://w3id.ora/disk
e NeuroDISK:
o NeuroDISK user portal: hitps://w3id.org/neurodisk
o NeuroDISK Scientific Domain Ontology (SDO): https://w3id.org/enigma
o NeuroDISK data source: https://w3id.org/neurodisk/data
o NeuroDISK project website: https://w3id.org/neurodisk/site

34


https://nda.nih.gov/abcd
https://doi.org/10.5281/zenodo.10931904
https://disk.readthedocs.io/
https://w3id.org/sqo
https://w3id.org/disk
https://w3id.org/neurodisk
https://w3id.org/enigma
https://w3id.org/neurodisk/data
https://w3id.org/neurodisk/site
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

7. References

Angelopoulos, A., Cahoon, J. F., & Alterovitz, R. (2024). Transforming science labs into
automated factories of discovery. Science Robotics, 9(95), eadm6991.

Baader, F., & Ghilardi, S. (2010). Unification in modal and description logics. Logic Journal of
the IGPL / Interest Group in Pure and Applied Logics, 19(6), 705-730.

Boekel, W., Wagenmakers, E.-J., Belay, L., Verhagen, J., Brown, S., & Forstmann, B. U. (2015).
A purely confirmatory replication study of structural brain-behavior correlations. Cortex; a
Journal Devoted to the Study of the Nervous System and Behavior, 66, 115-133.

Boiko, D. A., MacKnight, R., Kline, B., & Gomes, G. (2023). Autonomous chemical research with
large language models. Nature, 624(7992), 570-578.

Bowring, A., Maumet, C., & Nichols, T. E. (2019). Exploring the impact of analysis software on
task fMRI results. Human Brain Mapping, 40(11), 3362—-3384.

Bradshaw, Gary L., Zytkow, Jan M. (1988). Scientific discovery: Computational explorations of
the creative processes. MIT Press, London, 1987. No. of pages: 357. ISBN 0 262 12116 6.;
ISBN 0 262 62052 9. Applied Cognitive Psychology, 2(3), 225-227.

Brouwer, R. M., Klein, M., Grasby, K. L., Schnack, H. G., Jahanshad, N., Teeuw, J.,
Thomopoulos, S. I., Sprooten, E., Franz, C. E., Gogtay, N., Kremen, W. S., Panizzon, M. S.,
Olde Loohuis, L. M., Whelan, C. D., Aghajani, M., Alloza, C., Alnees, D., Artiges, E.,
Ayesa-Arriola, R., ... Hulshoff Pol, H. E. (2022). Genetic variants associated with
longitudinal changes in brain structure across the lifespan. Nature Neuroscience, 25(4),
421-432.

Button, K. S., loannidis, J. P. A., Mokrysz, C., Nosek, B. A., Flint, J., Robinson, E. S. J., &

Munafd, M. R. (2013). Power failure: why small sample size undermines the reliability of

35


http://paperpile.com/b/MVGdLz/534x
http://paperpile.com/b/MVGdLz/534x
http://paperpile.com/b/MVGdLz/TJLr1
http://paperpile.com/b/MVGdLz/TJLr1
http://paperpile.com/b/MVGdLz/3equq
http://paperpile.com/b/MVGdLz/3equq
http://paperpile.com/b/MVGdLz/3equq
http://paperpile.com/b/MVGdLz/Gqcg
http://paperpile.com/b/MVGdLz/Gqcg
http://paperpile.com/b/MVGdLz/pk5xc
http://paperpile.com/b/MVGdLz/pk5xc
http://paperpile.com/b/MVGdLz/eDfy
http://paperpile.com/b/MVGdLz/eDfy
http://paperpile.com/b/MVGdLz/eDfy
http://paperpile.com/b/MVGdLz/JVeVF
http://paperpile.com/b/MVGdLz/JVeVF
http://paperpile.com/b/MVGdLz/JVeVF
http://paperpile.com/b/MVGdLz/JVeVF
http://paperpile.com/b/MVGdLz/JVeVF
http://paperpile.com/b/MVGdLz/JVeVF
http://paperpile.com/b/MVGdLz/X6ajx
http://paperpile.com/b/MVGdLz/X6ajx
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

neuroscience. Nature Reviews. Neuroscience, 14(5), 365-376.

Cai, R., Hao, Z., Winslett, M., Xiao, X., Yang, Y., Zhang, Z., & Zhou, S. (2015). Deterministic
identification of specific individuals from GWAS results. Bioinformatics , 31(11), 1701-1707.

Casey, B. J., Cannonier, T., Conley, M. I., Cohen, A. O., Barch, D. M., Heitzeg, M. M., Soules,
M. E., Teslovich, T., Dellarco, D. V., Garavan, H., Orr, C. A., Wager, T. D., Banich, M. T,,
Speer, N. K., Sutherland, M. T., Riedel, M. C., Dick, A. S., Bjork, J. M., Thomas, K. M., ...
ABCD Imaging Acquisition Workgroup. (2018). The Adolescent Brain Cognitive
Development (ABCD) study: Imaging acquisition across 21 sites. Developmental Cognitive
Neuroscience, 32, 43-54.

Dean, M., & McGuinness, D. L. (n.d.). OWL web ontology language reference. Retrieved April 3,
2024, from https://www.w3.org/TR/owl-ref/

De Bie, T., De Raedt, L., Hernandez-Orallo, J., Hoos, H. H., Smyth, P., & Williams, C. K. I.
(2022). Automating data science. Communications of the ACM, 65(3), 76-87.

Elliott, L. T., Sharp, K., Alfaro-Almagro, F., Shi, S., Miller, K. L., Douaud, G., Marchini, J., &
Smith, S. M. (2018). Genome-wide association studies of brain imaging phenotypes in UK
Biobank. Nature, 562(7726), 210-216.

Erps, T., Foshey, M., Lukovi¢, M. K., Shou, W., Goetzke, H. H., Dietsch, H., Stoll, K., von
Vacano, B., & Matusik, W. (2021). Accelerated discovery of 3D printing materials using
data-driven multiobjective optimization. Science Advances, 7(42), eabf7435.

Garijo, D., Fakhraei, S., Ratnakar, V., Yang, Q., Endrias, H., Ma, Y., Wang, R., Bornstein, M.,
Bright, J., Gil, Y., & Jahanshad, N. (2019). Towards Automated Hypothesis Testing in
Neuroscience. Heterogeneous Data Management, Polystores, and Analytics for Healthcare,
249-257.

Garijo, D., Gil, Y., & Ratnakar, V. (2017). The DISK hypothesis ontology: Capturing hypothesis
evolution for automated discovery.

https://www.isi.edu/~gil/papers/garijo-etal-sciknow2017.pdf

36


http://paperpile.com/b/MVGdLz/X6ajx
http://paperpile.com/b/MVGdLz/4N3P5
http://paperpile.com/b/MVGdLz/4N3P5
http://paperpile.com/b/MVGdLz/JO0i9
http://paperpile.com/b/MVGdLz/JO0i9
http://paperpile.com/b/MVGdLz/JO0i9
http://paperpile.com/b/MVGdLz/JO0i9
http://paperpile.com/b/MVGdLz/JO0i9
http://paperpile.com/b/MVGdLz/JO0i9
http://paperpile.com/b/MVGdLz/1MWuc
http://paperpile.com/b/MVGdLz/1MWuc
https://www.w3.org/TR/owl-ref/
http://paperpile.com/b/MVGdLz/vIGd
http://paperpile.com/b/MVGdLz/vIGd
http://paperpile.com/b/MVGdLz/Zp0ii
http://paperpile.com/b/MVGdLz/Zp0ii
http://paperpile.com/b/MVGdLz/Zp0ii
http://paperpile.com/b/MVGdLz/cwcE
http://paperpile.com/b/MVGdLz/cwcE
http://paperpile.com/b/MVGdLz/cwcE
http://paperpile.com/b/MVGdLz/GqFqL
http://paperpile.com/b/MVGdLz/GqFqL
http://paperpile.com/b/MVGdLz/GqFqL
http://paperpile.com/b/MVGdLz/GqFqL
http://paperpile.com/b/MVGdLz/Majox
http://paperpile.com/b/MVGdLz/Majox
https://www.isi.edu/~gil/papers/garijo-etal-sciknow2017.pdf
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Garijo, D., Kinnings, S., Xie, L., Xie, L., Zhang, Y., Bourne, P. E., & Gil, Y. (2013). Quantifying

reproducibility in computational biology: the case of the tuberculosis drugome. PloS One,
8(11), e80278.

Garijo, D., Vargas, H., & Gil, Y. (2023, October 24). The scientific questions ontology.
https://w3id.org/sqo
Gil, Y., Garijo, D., Mayani, R., Adusumilli, R., Boyce, H., Edu, S., & Mallick, P. (2016).
Automated hypothesis testing with large scientific data repositories. Advances in Cognitive
Systems 2016.
Gil, Y., Garijo, D., Ratnakar, V., Mayani, R., Adusumilli, R., Boyce, H., Srivastava, A., & Mallick,
P. (2017). Towards Continuous Scientific Data Analysis and Hypothesis Evolution.

Proceedings of the AAAI Conference on Artificial Intelligence, 31(1).
https://doi.org/10.1609/aaai.v31i1.11157

Gil, Y., Gonzalez-Calero, P. A., Kim, J., Moody, J., & Ratnakar, V. (2011). A semantic framework
for automatic generation of computational workflows using distributed data and component
catalogues. Journal of Experimental & Theoretical Artificial Intelligence: JETAI, 23(4),
389-467.

Gil, Y., Michel, F., Ratnakar, V., Read, J., Hauder, M., Duffy, C., Hanson, P., & Dugan, H. (2015).
Supporting Open Collaboration in Science Through Explicit and Linked Semantic
Description of Processes. The Semantic Web. Latest Advances and New Domains,
591-605.

Gil, Y., Miles, S., Belhajjame, K., Deus, H. F., Garijo, D., Klyne, G., Missier, P., Soiland-Reyes,
S., & Zednik, S. (2012). PROV Model Primer. W3C Working Group Note.
https://www.escholar.manchester.ac.uk/uk-ac-man-scw:192014

Gil, Y., Ratnakar, V., Kim, J., Gonzalez-Calero, P., Groth, P., Moody, J., & Deelman, E. (Jan.-Feb

2011). Wings: Intelligent Workflow-Based Design of Computational Experiments. IEEE
Intelligent Systems, 26(1), 62—72.

37


http://paperpile.com/b/MVGdLz/uknvE
http://paperpile.com/b/MVGdLz/uknvE
http://paperpile.com/b/MVGdLz/uknvE
http://paperpile.com/b/MVGdLz/uSrxW
https://w3id.org/sqo
http://paperpile.com/b/MVGdLz/SUApl
http://paperpile.com/b/MVGdLz/SUApl
http://paperpile.com/b/MVGdLz/NvZgP
http://paperpile.com/b/MVGdLz/NvZgP
http://paperpile.com/b/MVGdLz/NvZgP
http://paperpile.com/b/MVGdLz/NvZgP
http://dx.doi.org/10.1609/aaai.v31i1.11157
http://paperpile.com/b/MVGdLz/Ov4Vx
http://paperpile.com/b/MVGdLz/Ov4Vx
http://paperpile.com/b/MVGdLz/Ov4Vx
http://paperpile.com/b/MVGdLz/Ov4Vx
http://paperpile.com/b/MVGdLz/a8Rk8
http://paperpile.com/b/MVGdLz/a8Rk8
http://paperpile.com/b/MVGdLz/a8Rk8
http://paperpile.com/b/MVGdLz/a8Rk8
http://paperpile.com/b/MVGdLz/rXIlG
http://paperpile.com/b/MVGdLz/rXIlG
https://www.escholar.manchester.ac.uk/uk-ac-man-scw:192014
http://paperpile.com/b/MVGdLz/VwF3a
http://paperpile.com/b/MVGdLz/VwF3a
http://paperpile.com/b/MVGdLz/VwF3a
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Grasby, K. L., Jahanshad, N., Painter, J. N., Colodro-Conde, L., Bralten, J., Hibar, D. P., Lind, P.
A., Pizzagalli, F., Ching, C. R. K., McMahon, M. A. B., Shatokhina, N., Zsembik, L. C. P,,
Thomopoulos, S. I., Zhu, A. H., Strike, L. T., Agartz, |., Alhusaini, S., Almeida, M. A. A,,
Alnzes, D., ... Enhancing Neurolmaging Genetics through Meta-Analysis Consortium
(ENIGMA)—Genetics working group. (2020). The genetic architecture of the human
cerebral cortex. Science, 367(6484). https://doi.org/10.1126/science.aay6690

GuhaR, V. (2016). Schema.org. Communications of the ACM. https://doi.org/10.1145/2844544

Hagler, D. J., Jr, Hatton, S., Cornejo, M. D., Makowski, C., Fair, D. A., Dick, A. S., Sutherland,
M. T., Casey, B. J., Barch, D. M., Harms, M. P., Watts, R., Bjork, J. M., Garavan, H. P,,
Hilmer, L., Pung, C. J., Sicat, C. S., Kuperman, J., Bartsch, H., Xue, F., ... Dale, A. M.
(2019). Image processing and analysis methods for the Adolescent Brain Cognitive
Development Study. Neurolmage, 202, 116091.

Harris, S., Seaborne, A., & Prud’hommeaux, E. (2013). SPARQL 1.1 query language. W3C
Recommendation, 21(10), 778.

Hibar, D. P., Adams, H. H. H., Jahanshad, N., Chauhan, G., Stein, J. L., Hofer, E., Renteria, M.
E., Bis, J. C., Arias-Vasquez, A., [kram, M. K., Desriviéres, S., Vernooij, M. W., Abramovic,
L., Alhusaini, S., Amin, N., Andersson, M., Arfanakis, K., Aribisala, B. S., Armstrong, N. J.,
... Ikram, M. A. (2017). Novel genetic loci associated with hippocampal volume. Nature
Communications, 8, 13624.

Hibar, D. P., Stein, J. L., Renteria, M. E., Arias-Vasquez, A., Desriviéres, S., Jahanshad, N.,
Toro, R., Wittfeld, K., Abramovic, L., Andersson, M., & Others. (2015). Common genetic
variants influence human subcortical brain structures. Nature, 520(7546), 224.

Hodge, S. M., Haselgrove, C., Honor, L., Kennedy, D. N., & Frazier, J. A. (2020). An assessment
of the autism neuroimaging literature for the prospects of re-executability. F1000Research,
9, 1031.

Homer, N., Szelinger, S., Redman, M., Duggan, D., Tembe, W., Muehling, J., Pearson, J. V.,

38


http://paperpile.com/b/MVGdLz/2lgGR
http://paperpile.com/b/MVGdLz/2lgGR
http://paperpile.com/b/MVGdLz/2lgGR
http://paperpile.com/b/MVGdLz/2lgGR
http://paperpile.com/b/MVGdLz/2lgGR
http://paperpile.com/b/MVGdLz/2lgGR
http://dx.doi.org/10.1126/science.aay6690
http://paperpile.com/b/MVGdLz/lUfAU
http://dx.doi.org/10.1145/2844544
http://paperpile.com/b/MVGdLz/R2kNv
http://paperpile.com/b/MVGdLz/R2kNv
http://paperpile.com/b/MVGdLz/R2kNv
http://paperpile.com/b/MVGdLz/R2kNv
http://paperpile.com/b/MVGdLz/R2kNv
http://paperpile.com/b/MVGdLz/zoPFM
http://paperpile.com/b/MVGdLz/zoPFM
http://paperpile.com/b/MVGdLz/14F6o
http://paperpile.com/b/MVGdLz/14F6o
http://paperpile.com/b/MVGdLz/14F6o
http://paperpile.com/b/MVGdLz/14F6o
http://paperpile.com/b/MVGdLz/14F6o
http://paperpile.com/b/MVGdLz/Vsv8o
http://paperpile.com/b/MVGdLz/Vsv8o
http://paperpile.com/b/MVGdLz/Vsv8o
http://paperpile.com/b/MVGdLz/axTdL
http://paperpile.com/b/MVGdLz/axTdL
http://paperpile.com/b/MVGdLz/axTdL
http://paperpile.com/b/MVGdLz/Q4yBr
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Stephan, D. A., Nelson, S. F., & Craig, D. W. (2008). Resolving individuals contributing
trace amounts of DNA to highly complex mixtures using high-density SNP genotyping
microarrays. PLoS Genetics, 4(8), e1000167.

loannidis, J. P. A. (2005). Why most published research findings are false. PLoS Medicine, 2(8),
e124.

Jernigan, T. L., Brown, S. A., & ABCD Consortium Coordinators. (2018). Introduction.
Developmental Cognitive Neuroscience, 32, 1-3.

Krafczyk, M., Shi, A., Bhaskar, A., Marinov, D., & Stodden, V. (2019). Scientific Tests and
Continuous Integration Strategies to Enhance Reproducibility in the Scientific Software
Context. Proceedings of the 2nd International Workshop on Practical Reproducible
Evaluation of Computer Systems, 23—28.

Krenn, M., Kottmann, J. S., Tischler, N., & Aspuru-Guzik, A. (2021). Conceptual understanding
through efficient automated design of quantum optical experiments. Physical Review. X,
11(3). https://doi.org/10.1103/physrevx.11.031044

Krétzsch, M., Vrandedic¢, D., Volkel, M., Haller, H., & Studer, R. (2007). Semantic Wikipedia.
Journal of Web Semantics, 5(4), 251-261.

Liu, G., Feng, M., Wang, Y., Wong, L., Ng, S.-K., Mah, T. L., & Lee, E. J. D. (2011). Towards
exploratory hypothesis testing and analysis. 2011 IEEE 27th International Conference on
Data Engineering, 745—-756.

Lu, C., Lu, C., Lange, R. T., Foerster, J., Clune, J., & Ha, D. (2024). The Al Scientist: Towards
fully automated open-ended scientific discovery. In arXiv [cs.Al]. arXiv.
http://arxiv.org/abs/2408.06292

Medland, S. E., Grasby, K. L., Jahanshad, N., Painter, J. N., Colodro-Conde, L., Bralten, J.,
Hibar, D. P., Lind, P. A., Pizzagalli, F., Thomopoulos, S. |., Stein, J. L., Franke, B., Martin, N.
G., Thompson, P. M., & ENIGMA Genetics Working Group. (2022). Ten years of enhancing

neuro-imaging genetics through meta-analysis: An overview from the ENIGMA Genetics

39


http://paperpile.com/b/MVGdLz/Q4yBr
http://paperpile.com/b/MVGdLz/Q4yBr
http://paperpile.com/b/MVGdLz/Q4yBr
http://paperpile.com/b/MVGdLz/I5I0X
http://paperpile.com/b/MVGdLz/I5I0X
http://paperpile.com/b/MVGdLz/nriaX
http://paperpile.com/b/MVGdLz/nriaX
http://paperpile.com/b/MVGdLz/8BwmB
http://paperpile.com/b/MVGdLz/8BwmB
http://paperpile.com/b/MVGdLz/8BwmB
http://paperpile.com/b/MVGdLz/8BwmB
http://paperpile.com/b/MVGdLz/Obaq
http://paperpile.com/b/MVGdLz/Obaq
http://paperpile.com/b/MVGdLz/Obaq
http://dx.doi.org/10.1103/physrevx.11.031044
http://paperpile.com/b/MVGdLz/HOK4b
http://paperpile.com/b/MVGdLz/HOK4b
http://paperpile.com/b/MVGdLz/apbel
http://paperpile.com/b/MVGdLz/apbel
http://paperpile.com/b/MVGdLz/apbel
http://paperpile.com/b/MVGdLz/TwWI
http://paperpile.com/b/MVGdLz/TwWI
http://arxiv.org/abs/2408.06292
http://paperpile.com/b/MVGdLz/qeqUE
http://paperpile.com/b/MVGdLz/qeqUE
http://paperpile.com/b/MVGdLz/qeqUE
http://paperpile.com/b/MVGdLz/qeqUE
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Working Group. Human Brain Mapping, 43(1), 292—299.

Medland, S. E., Jahanshad, N., Neale, B. M., & Thompson, P. M. (2014). Whole-genome
analyses of whole-brain data: working within an expanded search space. Nature
Neuroscience, 17(6), 791-800.

Miller, K. L., Alfaro-Almagro, F., Bangerter, N. K., Thomas, D. L., Yacoub, E., Xu, J., Bartsch, A.
J., Jbabdi, S., Sotiropoulos, S. N., Andersson, J. L. R., Griffanti, L., Douaud, G., Okell, T.
W., Weale, P., Dragonu, I., Garratt, S., Hudson, S., Collins, R., Jenkinson, M., ... Smith, S.
M. (2016). Multimodal population brain imaging in the UK Biobank prospective
epidemiological study. Nature Neuroscience, 19(11), 1523-1536.

Poldrack, R. A., Whitaker, K., & Kennedy, D. (2020). Introduction to the special issue on
reproducibility in neuroimaging. Neurolmage, 218, 116357.

Poline, J. B., Das, S., Glatard, T., Madjar, C., Dickie, E. W., Lecours, X., Beck, N., Behan, B.,
Brown, S. T., Bujold, D., Beauvais, M., Caron, B., Czech, C., Dharsee, M., Dugré, M.,
Evans, K., Gee, T., Ippoliti, G., Kiar, G., ... Evans, A. C. (2023). Data and Tools Integration
in the Canadian Open Neuroscience Platform. Scientific Data.

Pyzer-Knapp, E. O., Pitera, J. W., Staar, P. W. J., Takeda, S., Laino, T., Sanders, D. P., Sexton,
J., Smith, J. R., & Curioni, A. (2022). Accelerating materials discovery using artificial
intelligence, high performance computing and robotics. Npj Computational Materials, 8(1).
https://doi.org/10.1038/s41524-022-00765-z

RDF 1.1 concepts and abstract syntax. (n.d.). Retrieved April 3, 2024, from
https://www.w3.org/TR/rdf11-concepts/

Renton, A. I., Dao, T. T., Johnstone, T., Civier, O., Sullivan, R. P., White, D. J., Lyons, P., Slade,
B. M., Abbott, D. F., Amos, T. J., Bolimann, S., Botting, A., Campbell, M. E. J., Chang, J.,
Close, T. G., Ddorig, M., Eckstein, K., Egan, G. F,, Evas, S., ... Bollmann, S. (2024).
Neurodesk: an accessible, flexible and portable data analysis environment for reproducible

neuroimaging. Nature Methods, 21(5), 804—808.

40


http://paperpile.com/b/MVGdLz/qeqUE
http://paperpile.com/b/MVGdLz/LujzR
http://paperpile.com/b/MVGdLz/LujzR
http://paperpile.com/b/MVGdLz/LujzR
http://paperpile.com/b/MVGdLz/81WRD
http://paperpile.com/b/MVGdLz/81WRD
http://paperpile.com/b/MVGdLz/81WRD
http://paperpile.com/b/MVGdLz/81WRD
http://paperpile.com/b/MVGdLz/81WRD
http://paperpile.com/b/MVGdLz/aSgkJ
http://paperpile.com/b/MVGdLz/aSgkJ
http://paperpile.com/b/MVGdLz/1gjn
http://paperpile.com/b/MVGdLz/1gjn
http://paperpile.com/b/MVGdLz/1gjn
http://paperpile.com/b/MVGdLz/1gjn
http://paperpile.com/b/MVGdLz/tLGj
http://paperpile.com/b/MVGdLz/tLGj
http://paperpile.com/b/MVGdLz/tLGj
http://paperpile.com/b/MVGdLz/tLGj
http://dx.doi.org/10.1038/s41524-022-00765-z
http://paperpile.com/b/MVGdLz/5bAok
https://www.w3.org/TR/rdf11-concepts/
http://paperpile.com/b/MVGdLz/dB3k
http://paperpile.com/b/MVGdLz/dB3k
http://paperpile.com/b/MVGdLz/dB3k
http://paperpile.com/b/MVGdLz/dB3k
http://paperpile.com/b/MVGdLz/dB3k
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Rodriguez, C., Arlt, S., Mockl, L., & Krenn, M. (2024). Automated discovery of experimental
designs in super-resolution microscopy with XLuminA. Nature Communications, 15(1),
10658.

Sanz-Robinson, J., Jahanpour, A., Phillips, N., Glatard, T., & Poline, J.-B. (2022). NeuroCl:
Continuous Integration of Neuroimaging Results Across Software Pipelines and Datasets.
2022 IEEE 18th International Conference on E-Science (e-Science), 105-116.

Satizabal, C. L., Adams, H. H. H., Hibar, D. P., White, C. C., Knol, M. J., Stein, J. L., Scholz, M.,
Sargurupremraj, M., Jahanshad, N., Roshchupkin, G. V., Smith, A. V., Bis, J. C., Jian, X,
Luciano, M., Hofer, E., Teumer, A., van der Lee, S. J., Yang, J., Yanek, L. R., ... [kram, M.
A. (2019). Genetic architecture of subcortical brain structures in 38,851 individuals. Nature
Genetics, 51(11), 1624—1636.

Smith, S. M., & Nichols, T. E. (2018). Statistical Challenges in “Big Data” Human Neuroimaging.
Neuron, 97(2), 263-268.

Stein, J. L., Medland, S. E., Vasquez, A. A., Hibar, D. P., Senstad, R. E., Winkler, A. M., Toro, R.,
Appel, K., Bartecek, R., Bergmann, &., Bernard, M., Brown, A. A., Cannon, D. M.,
Chakravarty, M. M., Christoforou, A., Domin, M., Grimm, O., Hollinshead, M., Holmes, A. J.,
... Enhancing Neuro Imaging Genetics through Meta-Analysis Consortium. (2012).
Identification of common variants associated with human hippocampal and intracranial
volumes. Nature Genetics, 44(5), 552-561.

Steinruecken, C., Smith, E., Janz, D., Lloyd, J., & Ghahramani, Z. (2019). The automatic
statistician. In Automated Machine Learning (pp. 161-173). Springer International
Publishing.

Szymanski, N. J., Rendy, B., Fei, Y., Kumar, R. E., He, T., Milsted, D., McDermott, M. J., Gallant,
M., Cubuk, E. D., Merchant, A., Kim, H., Jain, A., Bartel, C. J., Persson, K., Zeng, Y., &
Ceder, G. (2023). An autonomous laboratory for the accelerated synthesis of novel

materials. Nature, 624(7990), 86—91.

41


http://paperpile.com/b/MVGdLz/m2uX
http://paperpile.com/b/MVGdLz/m2uX
http://paperpile.com/b/MVGdLz/m2uX
http://paperpile.com/b/MVGdLz/PECoS
http://paperpile.com/b/MVGdLz/PECoS
http://paperpile.com/b/MVGdLz/PECoS
http://paperpile.com/b/MVGdLz/FIYcv
http://paperpile.com/b/MVGdLz/FIYcv
http://paperpile.com/b/MVGdLz/FIYcv
http://paperpile.com/b/MVGdLz/FIYcv
http://paperpile.com/b/MVGdLz/FIYcv
http://paperpile.com/b/MVGdLz/pEUeZ
http://paperpile.com/b/MVGdLz/pEUeZ
http://paperpile.com/b/MVGdLz/B5ghA
http://paperpile.com/b/MVGdLz/B5ghA
http://paperpile.com/b/MVGdLz/B5ghA
http://paperpile.com/b/MVGdLz/B5ghA
http://paperpile.com/b/MVGdLz/B5ghA
http://paperpile.com/b/MVGdLz/B5ghA
http://paperpile.com/b/MVGdLz/n236
http://paperpile.com/b/MVGdLz/n236
http://paperpile.com/b/MVGdLz/n236
http://paperpile.com/b/MVGdLz/bLTo
http://paperpile.com/b/MVGdLz/bLTo
http://paperpile.com/b/MVGdLz/bLTo
http://paperpile.com/b/MVGdLz/bLTo
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Thompson, P. M., Jahanshad, N., Ching, C. R. K., Salminen, L. E., Thomopoulos, S. I., Bright,
J., Baune, B. T., Bertolin, S., Bralten, J., Bruin, W. B., Bllow, R., Chen, J., Chye, Y.,
Dannlowski, U., de Kovel, C. G. F., Donohoe, G., Eyler, L. T., Faraone, S. V., Favre, P., ...
ENIGMA Consortium. (2020). ENIGMA and global neuroscience: A decade of large-scale
studies of the brain in health and disease across more than 40 countries. Translational
Psychiatry, 10(1), 100.

Wagner, A. S., Waite, L. K., Wierzba, M., Hoffstaedter, F., Waite, A. Q., Poldrack, B., Eickhoff, S.
B., & Hanke, M. (2022). FAIRIy big: A framework for computationally reproducible
processing of large-scale data. Scientific Data, 9(1), 80.

Weiner, M. W., Aisen, P. S., Jack, C. R., Jr, Jagust, W. J., Trojanowski, J. Q., Shaw, L., Saykin,
A. J., Morris, J. C., Cairns, N., Beckett, L. A, Toga, A., Green, R., Walter, S., Soares, H.,
Snyder, P., Siemers, E., Potter, W., Cole, P. E., Schmidt, M., & Alzheimer’s Disease
Neuroimaging Initiative. (2010). The Alzheimer’s disease neuroimaging initiative: progress
report and future plans. Alzheimer’s & Dementia: The Journal of the Alzheimer's
Association, 6(3), 202-211.e7.

Wilkinson, M. D., Dumontier, M., Aalbersberg, I. J. J., Appleton, G., Axton, M., Baak, A.,
Blomberg, N., Boiten, J.-W., da Silva Santos, L. B., Bourne, P. E., Bouwman, J., Brookes,
A. J., Clark, T., Crosas, M., Dillo, I., Dumon, O., Edmunds, S., Evelo, C. T., Finkers, R., ...
Mons, B. (2016). The FAIR Guiding Principles for scientific data management and
stewardship. Scientific Data, 3, 160018.

Yang, J., Lee, S. H., Goddard, M. E., & Visscher, P. M. (2011). GCTA: a tool for genome-wide
complex trait analysis. American Journal of Human Genetics, 88(1), 76—82.

Yang, J., Zaitlen, N. A., Goddard, M. E., Visscher, P. M., & Price, A. L. (2014). Advantages and
pitfalls in the application of mixed-model association methods. Nature Genetics, 46(2),

100-106.

42


http://paperpile.com/b/MVGdLz/j8b3T
http://paperpile.com/b/MVGdLz/j8b3T
http://paperpile.com/b/MVGdLz/j8b3T
http://paperpile.com/b/MVGdLz/j8b3T
http://paperpile.com/b/MVGdLz/j8b3T
http://paperpile.com/b/MVGdLz/j8b3T
http://paperpile.com/b/MVGdLz/E9jb
http://paperpile.com/b/MVGdLz/E9jb
http://paperpile.com/b/MVGdLz/E9jb
http://paperpile.com/b/MVGdLz/A6aoA
http://paperpile.com/b/MVGdLz/A6aoA
http://paperpile.com/b/MVGdLz/A6aoA
http://paperpile.com/b/MVGdLz/A6aoA
http://paperpile.com/b/MVGdLz/A6aoA
http://paperpile.com/b/MVGdLz/A6aoA
http://paperpile.com/b/MVGdLz/eJHvU
http://paperpile.com/b/MVGdLz/eJHvU
http://paperpile.com/b/MVGdLz/eJHvU
http://paperpile.com/b/MVGdLz/eJHvU
http://paperpile.com/b/MVGdLz/eJHvU
http://paperpile.com/b/MVGdLz/Ducum
http://paperpile.com/b/MVGdLz/Ducum
http://paperpile.com/b/MVGdLz/EzzR5
http://paperpile.com/b/MVGdLz/EzzR5
http://paperpile.com/b/MVGdLz/EzzR5
https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.14.638360; this version posted February 19, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

43


https://doi.org/10.1101/2025.02.14.638360
http://creativecommons.org/licenses/by-nc-nd/4.0/

	ABSTRACT  
	1. Introduction 
	2. Methods and Materials 
	3. Results 
	3.1 Replicating the published ENIGMA GWAS meta-analysis 
	3.2 Asking and answering novel questions  
	3.3 Continuous updates of results 

	4. Discussion and Conclusion 
	5. Acknowledgments 
	6. Supplementary Materials / Data Availability 
	 
	7. References 

