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Abstract

The increasing scale and complexity of neuroimaging datasets aggregated from multiple study
sites present substantial analytic challenges, as existing statistical analysis tools struggle to handle
missing voxel-data, suffer from limited computational speed and inefficient memory allocation,
and are restricted in the types of statistical designs they are able to model. We introduce
Image-Based Meta- & Mega-Analysis (IBMMA), a novel software package implemented in

R and Python that provides a unified framework for analyzing diverse neuroimaging features,
efficiently handles large-scale datasets through parallel processing, offers flexible statistical
modeling options, and properly manages missing voxel-data commonly encountered in multi-site
studies. IBMMA successfully analyzed a large-n dataset of several thousand participants and
revealed findings in brain regions that some traditional software overlooked due to missing voxel-
data resulting in gaps in brain coverage. IBMMA has the potential to accelerate discoveries in
neuroscience and enhance the clinical utility of neuroimaging findings.

Keywords
Neuroimaging; Big Data; Meta-analysis; Mega-analysis; PTSD; Resting-state fMRI

Introduction

As the field of neuroimaging has matured, there has been a growing recognition of the
limitations inherent in single-cohort studies that suffer from small sample sizes coupled with
high-dimensional data that reduce statistical power, site-specific biases in data collection
and processing, limited demographic diversity that reduces generalizability, and insufficient
representation of illness subtypes or rare conditions. To address these challenges, the
neuroimaging community has increasingly embraced big data approaches by aggregating
datasets from multiple study sites to enhance statistical power, improve reproducibility, and
capture the rich heterogeneity of brain function and structure sourced from diverse samples.
This paradigm shift has been spurred by multi-site studies and neuroimaging consortia,
which offer the potential for more robust, generalizable findings that can significantly
advance our understanding of the brain.

Corresponding author:Delin Sun, Ph.D., Delin.Sun@duke.edu, Duke University.
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To facilitate the complex task of preprocessing and analyzing neuroimaging big data, the
scientific community has developed a suite of standardized pipelines and tools. Open-source
solutions such as fMRIPrep (Esteban et al., 2019), CONN toolbox (Whitfield-Gabrieli

& Nieto-Castanon, 2012), Analysis of Functional Neurolmages (AFNI) (Cox, 1996),

and FMRIB Software Library (FSL) (Jenkinson et al., 2012) provide comprehensive
workflows for data preprocessing and/or analysis. Building on this foundation, the ENIGMA
(Enhancing Neurolmaging Genetics through Meta-Analysis) Consortium introduced
HALFpipe (Waller et al., 2022), a sophisticated containerized pipeline that extends
fMRIPrep’s workflow and incorporates additional preprocessing steps, quality assessment
tools, and feature extraction capabilities. However, limitations not addressed by HALFpipe,
such as modeling complex site effects and unified integration of meta- and mega-analysis,
remain unresolved.

We have developed Image-Based Meta- & Mega-Analysis (IBMMA), a software package
tailored for analyzing neuroimaging datasets aggregated from multiple study sites. IBMMA
unifies the analysis of diverse neuroimaging features, including voxelwise, vertexwise, and
connectome-wide measures, while efficiently managing large-scale datasets by leveraging
parallel processing capabilities common in modern high performance clusters (HPC). The
IBMMA package provides flexible statistical modeling options, model specification in
simple text format files, robust handling of missing data by dynamically varying the degrees
of freedom for each neurocimaging feature (e.g., voxel or vertex), and generates interpretable
outputs that preserve the original data structure. These features enable comprehensive
analysis of complex multi-site neuroimaging studies not available with other neuroimaging
software (Table 1).

Large-scale neuroimaging consortia have predominantly employed two approaches to
analyze data aggregated from multiple sites: meta-analysis and mega-analysis. Meta-analysis
typically involves each site independently generating results in the form of sample means,
sample variances, and effect size estimates for each model being tested, which are then

used to calculate a total effect size estimate across sites (Radua et al., 2020). By contrast,
mega-analysis involves pooling individual participant data from multiple studies or sites

into a single sample, and then applying statistical modeling to the pooled sample (Sun et

al., 2022; Thompson et al., 2020). However, traditional software packages, particularly for
neuroimaging data, have treated these approaches separately, requiring researchers to use
different tools that reside in different packages for meta- and mega-analyses.

Another significant challenge in fMRI analyses is missing data that often presents near
cortical boundaries, the medial temporal lobe, and the ventral prefrontal cortex (Mulugeta
etal., 2017; Vaden et al., 2012). These missing values most often stem from signal
dropout due to magnetic susceptibility artifacts near air-tissue interfaces, head motion
during scanning, and inconsistent scanning protocols and spatial normalization procedures
across sites. The challenge becomes particularly acute in multi-site studies, where missing
values often vary systematically by site. This can result in substantial data loss, effectively
reducing the brain voxels/regions being analyzed as the sample size increases Traditional
analysis approaches that simply omit voxels or vertices with incomplete observations can
significantly compromise the quality of the results. This may lead to both inflated Type
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Il (false negative) error rates from excluded voxels or vertices, and inflated Type | (false
positive) error rates, as multiple comparison corrections are applied to fewer voxels or
vertices than the total number in the brain.

The complexity of statistical modeling presents another major challenge in large-scale
neuroimaging analyses. Traditional software tools support limited types of statistical models,
typically restricted to gaussian family fixed-effect generalized linear models (GLMs) for
group-level analysis. This restricts researchers from applying more flexible statistical
approaches, such as mixed-effects models, which are essential for properly accounting for
variability across subjects, scanner types, and study sites in multi-site studies (Thompson
et al., 2020). For instance, while FSL’s FLAME uses linear mixed models for Bayesian
estimation of subject-level variability, it cannot model more complex random effects

such as scanner or site. AFNI’s 3dLMEr and 3dGLMM functions call the /me4 R

package and can be used to model scanner- or site-related variability, but they were not
originally designed for large-n datasets. Most specialized neuroimaging tools (e.g., AFNI,
SPM, FSL, FreeSurfer) struggle with datasets containing thousands of subjects, as the
memory requirements for processing such large-scale data often exceed standard computer
capabilities, leading to computational failures.

Additionally, general-purpose statistical packages (e.g. SAS, SPSS, R) are designed

for univariate analyses but struggle with mass-univariate neuroimaging data due to non-
vectorizable operations across features. Big Linear Mixed Models (BLMM) is a Python tool
designed for analyzing mass-univariate linear mixed models in large-scale neurocimaging
datasets (Maullin-Sapey & Nichols, 2022), addressing challenges posed by increasing data
complexity and size. It leverages vectorization for improved performance across multiple
voxels and uniquely accounts for “voxelwise missingness”. However, BLMM is limited to
mega-analysis of voxelwise images using linear mixed models and does not support robust
multiple comparison corrections.

We demonstrate the capabilities of IBMMA to address these limitations by applying

it to resting-state fMRI data from the ENIGMA-PTSD working group. This analysis
demonstrates the abilities of IBMMA to conduct meta- and mega-analyses on multi-site
functional neuroimaging data. We compare the results generated by IBMMA to those
generated by FSL and highlight the advantages and disadvantages of each approach.

IBMMA Workflow

Mega-Analysis: IBMMA processes data through several sequential steps. First, Data
Preparation identifies relevant files based on user specifications. The Data Masking step
applies subject-specific whole-brain or gray matter masks to exclude irrelevant features,
such as voxels outside the brain, and a standardized (non-subject-specific) brain mask to
constrain the final output. All masks must match the dimensionality of the imaging data.
IBMMA includes predefined standard space whole-brain masks compatible with commonly
used neuroimaging tools, including a 97x115x97 voxel mask (compatible with HALFpipe)
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and a 91x109x91 voxel mask (compatible with FSL). Alternatively, users can provide
custom masks to suit their analysis needs.

As shown in Fig. 1, the Data Flattening step converts all data types to one-dimensional
vector format for uniform processing. Data Segmentation and Stacking then organizes the
flattened data into subject-by-feature matrices and divides them into memory-compatible
segments. The number of data segments can be adjusted by the user based on available
memory resources to optimize parallel processing efficiency.

The Statistical Analysis step executes parallel computations of each neuroimaging feature
using specified R or Python scripts. IBMMA currently supports regression models using
functions from the statsand /me4 R packages, including /m() for linear models, g/m()

for generalized linear models, /mer() for linear mixed-effects models, and g/mer{() for
generalized linear mixed-effects models. Finally, Results Compilation extracts statistical
outputs using the broom or broom.mixed R packages, merges results from all segments,
and reconstructs them to match the original data dimensions. IBMMA generates multiple
statistical outputs, including coefficient statistics (effect size estimates, standard errors,
p-values) and model fit measures (R-squared, AIC, BIC).

For multiple comparison correction, IBMMA is able to perform false discovery rate (FDR)
correction and probabilistic threshold-free cluster enhancement (pTFCE) (Spisak et al.,
2019) with family-wise error rate correction. The pTFCE approach, particularly valuable

for voxelwise images, addresses limitations of traditional cluster inference methods by
offering enhanced robustness to cluster topology, strict control over false discovery, and
improved sensitivity compared to conventional TFCE (Smith & Nichols, 2009). This enables
straightforward multiple comparison correction and avoids time-consuming permutation
testing by using Bayesian probability calculations.

Meta-Analysis: IBMMA performs meta-analysis by applying the statistical modeling
pipeline described above to each study site independently. This site-wise analysis generates
complete summary statistics for each neuroimaging feature, including effect size estimates,
standard errors, test statistics, and p-values, along with sample size information for meta-
analytic weighting. Site-specific summary statistics are then aggregated to calculate meta-
analytic results using NiMARE (Neuroimaging Meta-Analysis Research Environment) (Salo
et al., 2023). This calculation is performed using either Stouffer’s method (default) or
Fisher’s method. Stouffer’s method combines Z-scores across studies, optionally weighting
them by sample size, and divides the weighted sum by the square root of the sum of
squared weights (or the square root of the number of studies in the unweighted case).

The resulting combined Zscore is compared to the standard normal distribution to assess
statistical significance. Fisher’s method, by contrast, combines p-values by summing the
negative logarithms of the p-values, yielding a chi-square statistic whose significance is
assessed against the chi-square distribution.

Conjunction Analysis: In addition to meta-analytic modeling, IBMMA supports
multiple forms of conjunction analysis, which allows for direct comparison of meta-
analytic and mega-analytic results to identify consistent findings across both analytic
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strategies. Conjunction analysis can be used more broadly to compare results from

different preprocessing strategies, original and replication datasets, or outputs from different
statistical models or software packages. One method of conjunction analysis offered

by IBMMA is overlap (logical AND) conjunction, which identifies the intersection of
neuroimaging features that are statistically significant across inputs.

Other conjunction analysis methods available include the minimum or strict conjunction
approach, which takes the minimum test statistic across inputs and only identifies effects
that are significant in all inputs. The conjunction null method (Nichols et al., 2005)

tests whether at least one effect is null and only identifies regions where all effects are
statistically significant, providing a more rigorous alternative to simple overlap. The global
or lenient conjunction method is based on averaging test statistics to detect consistent effects
across inputs, even if not all are individually significant. Finally, the probabilistic approach
estimates the joint probability of effects across inputs using a Bayesian-inspired framework,
allowing for more graded and interpretable conclusions than binary conjunctions.

Running IBMMA

Installation: IBMMA is an open-source software that can be downloaded from the
developer’s GitHub (https://github.com/sundelinustc/IBMMA). The current version was
developed and tested using Python 3.11.9 and R 4.2.2. Before running IBMMA, users must
install required dependencies. Software configuration is managed via the para_path.x/sxfile,
which specifies: (1) the file path to a clinical or behavioral data file, (2) the file path to the
directory containing all neuroimaging data organized into site-specific subdirectories, (3) a
filename pattern that IBMMA uses to identify relevant files within the neuroimaging data
folder, (4) a list of predictor variables for statistical analysis, and (5) the statistical models to
be executed.

Data Preparation: IBMMA requires a structured clinical or behavioral dataset containing
subject-specific variables for analysis. When constructing an IBMMA-compatible clinical

or behavioral data file, users must assign each subject with an /D, which combines the

Site ID and Subject 1D to ensure that each subject has a unique identifier (Fig. 2a). While
Subject 1Ds may be shared between different sites, //0s remain unique for every subject. For
example, if both Sitel and Site2 use four-digit Subject IDs (e.g., 1234), IBMMA expects
corresponding f/Ds such as Sitel 1234 and Site2 1234.

Users’ neuroimaging data is expected to be organized in site-specific subdirectories with
file names beginning with the Subject /D (Fig. 2a). To ensure proper file recognition, all
neuroimaging files must follow a standardized naming convention that appends a consistent
pattern to the Subject ID. Users must specify this naming pattern in the data_pattern tab

of the para_path.xlsx file. IBMMA then recursively searches all subdirectories within the
designated data directory (defined in the data pathtab) and selects files that match the
specified pattern. Finally, users define predictor variables and statistical models in the
para_path.xlsxfile under the predictors and models tab, respectively. Statistical models
should be formatted following the standard syntax for the chosen function (Fig 2b).
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Application to ENIGMA-PTSD Dataset

To demonstrate IBMMA's capabilities, we applied it to resting-state fMRI data from the
ENIGMA PTSD working group. This dataset includes 3,193 participants from 29 study
sites. After removing participants missing essential clinical data, such as age, sex, or PTSD
diagnosis, 2,282 participants remained for analysis with IBMMA (Table S1). All participants
provided written informed consent in accordance with protocols approved by the local
institutional review board or ethics committee at each participating site.

Data Preprocessing. Data were preprocessed using HALFpipe, which included removal
of the first four volumes, grand mean scaling, motion correction, highpass temporal filtering
with a gaussian filter of 125 Hz, denoising with ICA-AROMA (Pruim et al., 2015), and
spatial normalization.

Statistical Model. We implemented a linear mixed-effects model to examine the
associations between age, sex, and PTSD diagnosis with left thalamus resting-state
functional connectivity (RSFC). The model was specified as (1) Brain ~ Age + Sex +

Dx + (1|Site), where ‘Brain’ represents the voxelwise neuroimaging measure, ‘DX’ is the
diagnostic status (0 = control, 1 = case), and ‘Site’ was treated as a random effect to account
for site-specific variability (intercept only).

IBMMA Execution. IBMMA was executed on the Duke-UNC BIAC high-performance
computing cluster using a single node with 48 cores per CPU. The job requested 12-core
linear binding, two processing cores, and 100GB of both virtual and physical memory to
accommodate the computational demands of large-scale neuroimaging analyses. IBMMA
generated whole-brain statistical maps, which were then visualized to identify brain regions
showing associations with diagnosis, age, and sex. Statistical results were thresholded at 2=
3.1 without correction for multiple comparisons, as the focus was on facilitating qualitative
visualization and comparisons rather than assessing statistical significance.

Comparisons with AFNI and FSL. IBMMA results were compared to AFNI’s 3dMVM
and FSL’s FLAME outputs generated by analyzing resting-state fMRI data consisting of
397 participants from 6 study sites (Table S2). Only a subset of our sample was used for
this comparison due to the aforementioned challenges with processing a large-scale dataset
using traditional neuroimaging software. Data were preprocessed using FSL (Jenkinson
etal., 2012), including removal of the first four volumes, slice-timing correction, motion
correction, spatial normalization, and noise reduction using ICA-AROMA (Pruim et al.,
2015). First-level RSFC analysis was conducted in FSL using the left thalamus as a seed
for each participant. Seed-whole brain voxelwise Z-statistic maps were fed into IBMMA,
AFNI, and FSL for group-level analysis. Linear models were used to examine associations
with age, sex, and diagnosis. The model was specified a s (2) Brain ~ Age + Sex + Dx.
Overlap conjunction analysis of the resulting Z-statistic images was used to assess the
degree of agreement among the software packages, enabling direct comparison of their
relative sensitivity and statistical power.
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Simulated Data Analysis

Results

A simulated neuroimaging dataset with varying levels of missing data was used to evaluate
the performance of IBMMA. The simulated dataset was designed to mirror realistic
conditions encountered in large-scale neuroimaging studies where data missingness is
common due to technical artifacts, motion, or quality control procedures. We simulated
1,000 brains as 50x50x50 voxel arrays, totaling 125,000 voxels. Voxel values were drawn
from a standard normal distribution (1 = 0, o = 1). To establish a ground truth signal, we
embedded a spherical region of interest with a radius of 4 voxels, totaling 251 voxels. A
binary diagnostic covariate with 50% prevalence was used to represent case-control study
designs commonly used in clinical neuroimaging research. Within the signal region, we
applied an effect size of Cohen’s o= 0.2 by adding a value of 0.2 to signal voxels for case
subjects. This effect size was chosen to reflect the modest but clinically meaningful effects
typically observed in neuroimaging studies of psychiatric conditions (e.g, Schmaal et al.,
2020).

The impact of missing data on IBMMA’s performance was evaluated by introducing
missing data in 5% increments, ranging from 0% to 100% of subjects. For each level

of missing data, receiver operating characteristic (ROC) curves were generated, and two
performance metrics were computed: area under the curve (AUC) and sensitivity at a 5%
false positive rate (FPR). Additionally, IBMMA was compared to complete-case analysis,
where only voxels with no missing data are analyzed, using a missing completely at random
(MCAR) mechanism to introduce missing data, which is reported in our Supplementary
Materials.

Mega- and Meta-Analysis

IBMMA successfully performed a mega-analysis by analyzing voxelwise RSFC data from
2,282 participants across 29 study sites using a linear mixed-effects model (model 1). Total
run time, CPU time, and maximum virtual memory usage for each processing step are
reported in Fig 3a. Statistical results were generated within the Resu/ts directory, including
whole-brain maps of statistical estimates, Zstatistics, pTFCE Zstatistics, p-values, FDR-
corrected p-values, and standard errors. Whole-brain maps of model fit measures were
additionally generated, including number of observations, degrees of freedom, residual
degrees of freedom, Akaike information criterion, Bayesian information criterion, log
likelihood, restricted maximum likelihood, and sigma (Fig. 3b). IBMMA automatically
produced an HTML webpage summarizing key results (Fig. 3c). This included tables

with demographic and clinical statistical results, site-specific demographic and clinical
information, a table of all significant voxel clusters, and interactive brain maps to view
results.

Results for the meta-analysis were generated in the Results directory, which contained

an HTML webpage with result summaries and a whole-brain t-statistic map. Overall, meta-
analysis results had fewer voxels surviving the Z= 3.1 threshold but were nonetheless
consistent with the mega-analysis results.
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To assess the impact of missing data on model performance across the brain, we conducted
a voxelwise analysis of subject missingness and evaluated the sensitivity of the IBMMA
method under varying levels of data loss using simulated data. Fig. 4a displays a brain map
of the percentage of missing subjects at each voxel, computed from the full ENIGMA-PTSD
dataset (7= 3,193). This brain map highlights regions with higher susceptibility to data loss
due to factors such as variable brain coverage or susceptibility artifacts.

We then evaluated IBMMA’s performance across increasing levels of missing subjects.
For each 5% increment of missingness (from 0% to 100%), we generated a ROC curve,
computing the AUC and sensitivity at a 5% FPR. These results are summarized in Fig. 4c,
where ROC curves illustrate the decline in performance as missing data increases, and Fig.
4d, where line plots show the performance of IBMMA measured by AUC and sensitivity
at a 5% FPR across increasing levels of missing data. Using the voxelwise missingness
percentages from Fig. 4a, we assigned to each voxel the sensitivity of IBMMA at a 5%
FPR corresponding to its level of missing data. The resulting brain map, shown in Fig.

4b, visualizes the expected sensitivity of IBMMA across the brain given the observed
missingness profile.

Mega-Analysis Comparison with FSL and AFNI

IBMMA, FSL, and AFNI analyses revealed associations of left thalamus RSFC with age,
sex, and diagnosis (Z= 3.1, uncorrected; model 2). Results between IBMMA and AFNI’s
3dMVM were highly consistent with each other (Fig. S1), while FSL’s FLAME displayed
consistent yet more conservative results (Fig. 5). To test the degree of similarity in results,
the correlation between the whole-brain Z-statistic maps generated by each software was
computed. The IBMMA and FSL Z-statistic maps were masked using a brain mask that
included only voxels present in both analyses, and the correlation between the results

was computed. The IBMMA and FSL Zstatistic maps for associations with age, sex, and
diagnosis had a Pearson’s correlation of 7= 0.97, r=0.76, and r=0.92, respectively. The
IBMMA and AFNI Z-statistic maps for associations with age, sex, and diagnosis all had a
Pearson’s correlation of r=0.99.

Overlap conjunction analysis was performed using IBMMA's conjunction analysis module
to visualize similarities and differences in results between the software. Fig. 5b-d show
where IBMMA and FSL software agreed (red voxels) and disagreed (purple and blue
voxels). Notably, IBMMA produced statistical results in brain regions which lacked
coverage in the FSL analysis. Large dorsal and ventral brain areas were excluded by FSL
from its analysis and results due to missing voxel-data for one or more participants in those
regions. IBMMA's voxelwise analysis did not exclude any voxels because IBMMA only
included participants for whom voxel-data was present for a given voxel (Fig 5a).

Discussion

We developed Image-Based Meta- & Mega-Analysis (IBMMA), which is a novel software
package designed for efficient analysis of large-scale, multi-site neuroimaging data. Results
of applying the IBMMA package to resting-state fMRI data from ENIGMA-PTSD are
presented as a test case. Our findings support the utility and technical advances of IBMMA

Neuroimage. Author manuscript; available in PMC 2026 February 05.
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in addressing key challenges when analyzing neuroimaging big data. We demonstrated that
IBMMA addressed major challenges, including (1) being capable of mega-analyzing large
datasets of several thousand samples in a reasonable timeframe, (2) analyses of each voxel
being performed in the participants with available voxel-data, whereas participants with
missing voxel-data are omitted, (3) performing mixed-effects modeling to support multi-site
data analysis, (4) performing both meta-analysis and mega-analysis in a single package and
performing conjunction analysis, and (5) automatically producing statistical results tables
and figures, allowing efficient and consistent reporting of results.

Missing voxelwise data poses a significant challenge in neuroimaging analyses. Many
existing software packages, including FSL, require complete data across all participants

for a given voxel to include it in the analysis. As a result, entire brain regions may be
excluded from statistical testing if even only a single participant lacks data at those voxels.
This restriction reduces spatial coverage and may obscure meaningful group-level effects,
especially in regions prone to signal dropout or partial brain coverage. By using only
available voxel-data at each voxel, IBMMA ensured that all brain voxels/regions could be
analyzed. This facilitated IBMMA in uncovering differences in left thalamus RSFC with the
dorsal postcentral gyrus in PTSD, which FSL did not detect due to the latter region lacking
voxel-data in one or more participants.

However, the most dorsal and ventral regions of the brain had notably smaller sample sizes
due to a higher proportion of missing voxel-data. IBMMA tracks and reports the number of
observations contributing to each analysis, allowing researchers to assess the reliability of
results, particularly in regions with smaller sample sizes. Using simulated data, we showed
that IBMMA displays high performance, even in brain regions with 40% or more missing
data. With no missing data, IBMMA achieved an AUC of 0.989 and sensitivity at 5% FPR of
0.936. Performance remained robust, for instance, at 40% subject missingness, with an AUC
value above 0.96 and sensitivity above 0.80.

The flexibility of IBMMA'’s statistical modeling options facilitated the implementation of

a linear mixed-effects model, which enabled IBMMA to account for complex site effects

by modeling site as a random intercept. This approach provides a more nuanced and
potentially more accurate analysis than traditional fixed-effects models commonly used

in neuroimaging studies (Chen et al., 2018). Modeling site as a random effect improves
generalizability by extending inferences to sites beyond the specific sites included in the
dataset, making findings more applicable to a broader population (Hall & Rosenthal, 2018).
This strengthens the interpretation of results as neural correlates for a given disorder or
behavior because it helps segregate biological effects from site-specific variability. Future
efforts will expand on this capability by incorporating other GLM families, such as binomial
models for logistic regression, to address a wider range of research questions. By contrast,
many existing tools lack the ability to implement such models, restricting the types of
analyses that can be conducted. By offering flexible modeling options, IBMMA strengthens
as well as broadens the scope and scale of statistical inference in neuroimaging research.

Overall, our findings highlight IBMMA as a powerful alternative to traditional neuroimaging
software, particularly for large multi-site neuroimaging data where missing voxel-data is
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not uncommon. IBMMA successfully processed and analyzed a large, complex dataset
from multiple study sites, demonstrating its ability to handle the computational demands of
neuroimaging big data. Software parallelization within IBMMA on a multi-CPU operating
system resulted in significant reductions in computation time, addressing a key challenge
in the analysis of large-scale neuroimaging studies. IBMMA effectively managed missing
voxel-data and accounted for site-specific variance, two issues of paramount importance in
multi-site neuroimaging research that have heretofore been challenging (Thompson et al.,
2020). By leveraging IBMMA's capabilities, large-scale consortia can effectively address
site-effects when integrating data from diverse samples to discover robust, generalizable
patterns of brain activity that are associated with clinical and demographic features.

While IBMMA was developed for neuroimaging applications, its core architecture is
designed to handle any high-dimensional data that can be represented as subject-by-feature
matrices. The framework accepts CSV-formatted input data and applies statistical models
to each feature independently, making it applicable to genomic datasets of gene expression
levels or single nucleotide polymorphisms, multi-site clinical data with high-dimensional
biomarkers, ecological datasets with spatial or temporal features, or any domain requiring
feature-wise statistical modeling.

Limitations and Future Directions

Despite IBMMA capabilities and the present demonstration of its strengths, several
limitations should be noted. Our analysis focused on resting-state fMRI data; future
applications of IBMMA will explore other imaging modalities. From a methodological
perspective, while IBMMA effectively handled missing voxel-data, future versions will
incorporate more sophisticated (1) multiple imputation techniques such as multi-voxel
spatial kernel imputation (Vaden et al., 2012), or (2) full information maximum likelihood
estimation (Nelson et al., 2021). For instance, multiple imputation is known to provide
variance that is most similar to estimates for voxels with no missing data. Future iterations
of IBMMA will support a broader range of statistical designs, including longitudinal designs
and survival analysis. Integrating machine learning frameworks could further increase
IBMMA'’s potential to identify biomarkers and improve the prediction of clinical outcomes.

Having a normative comparison group is essential for clinical neuroimaging research, as

it provides the basis for interpreting patient group differences against broader population
averages. At present, IBMMA aids investigators establish equitable comparisons by
automatically producing demographic tables with statistical outputs for key covariates

such as age and sex. Future versions of IBMMA could further help address this issue by
implementing automated methods for group balancing, such as propensity score matching or
optimal subsampling algorithms.

The growing demand for processing and analyzing very large datasets of several thousand
samples has revealed a significant disparity between the demand and the availability of
relevant expertise. Currently, a small fraction of researchers possess the necessary training in
data organization and analysis to meet these challenges (Schottdorf et al., 2024). Our efforts
to close this gap led us to develop IBMMA by standardizing and simplifying statistical
analysis of neuroimaging data. The IBMMA framework is designed for expansion into
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other domains that require sophisticated analysis of big data, offering a simple yet elegant
approach to complex analytical tasks across various fields.

Conclusion

IBMMA provides enhanced power and utility for analyzing large-scale, multi-site data by
efficiently handling computational demands, managing missing data, and modeling site
effects. As consortia efforts expand to tens of thousands of participants, IBMMA’s scalable
architecture and flexible statistical modeling framework will be essential for reproducible,
high-fidelity brain mapping across diverse populations to accelerate discoveries in
neuroscience and enhance neuroscience research.
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Highlights:

. IBMMA efficiently handles large-scale datasets with parallel processing.

. Streamlines meta- and mega-analysis workflows through an automated
pipeline.

. Robustly handles missing voxel-data common in multi-site neuroimaging
datasets.

. Enables diverse statistical designs beyond the constraints of traditional
software.
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compatible subject-by-feature matrices. Statistical models are applied in parallel across
features, and the resulting outputs are extracted and reconstructed to match the original data

dimensions.
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demographic_clinical data_path data_pattern predictors models 1 NAME FORMULA EXCLUDED
2 Model 01  Im(Yvar ~ GROUP + AGE + SEX) 0
3 Model 02  Imer(Yvar ~ GROUP + AGE + SEX + (1|SITE)) 0
1 [awo o ey 4 Model 03  glm(Yvar ~ GROUP + SEX + AGE, family = binomial ) 0
feature WLFF_aiftjson feature WFF moskiil gz
.‘ 1Combined_t 5 Model 04  gim(Yvar ~ GROUP + SEX + AGE, family = gaussian) 0
) 6 Model 05  glmer(Yvar ~ GROUP + AGE + SEX + (1|SITE)) 0
mographic_clinical data_path data pattern predictors models. 7 — e —— o Y
2 .
c) Run IBMMA Script d) View Results
Brain Maps Result Tables Figures

- L ] 28h --no-res — -2sh --no_rcs — 43x6
Last login: Tue Mar 18 15:38:45 on ttys@es
elion% python ibmma.pyll

Figure 2. Steps to Run IBMMA.

a) IBMMA expects neuroimaging data to be organized in site-specific subdirectories.
Within each subdirectory, neuroimaging files should be named starting with the subject

ID followed by a naming pattern that is consistent across all files. Within the clinical data
file, IBMMA expects an fID column whose elements are composed of site ID and subject
ID. b) IBMMA requires the user to first input clinical and neuroimaging data file paths and
model specifications in the para_path.xlsx file. ¢) IBMMA can be run from the command
line, either locally or via a HPC, by running the ibmma.py script. D) Statistical results

will be automatically generated once the script is done running and can be viewed using
any neuroimaging viewer (e.g., FSLeyes, freeview, MRIcron). An HTML webpage is also

generated to view results.
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a)

b)
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Processing Step Time (hr:min:sec) | CPU Time (hr:min:sec) | Max Virtual Memory (GBs)
Data Masking 00:00:37 00:06:40 8.31

Data Flattening 00:01:46 00:14:10 8.56

Data Segmenting 01:46:32 35:13:07 103.94
Statistical Modelling 02:35:07 24:50:02 17.79

Results Compilation 00:14:02 00:49:28 29.58

Total 05:08:04 61:13:27 103.94

Akaike Information Criterion Log Likelihood Sigma

Figure 3. IBMMA Outputs.
a) Total run time, CPU time, and maximum virtual memory usage of each processing step

of IBMMA'’s mega-analysis using a sample of n = 2,282. b) IBMMA generated whole-brain
maps of various statistical and model fit measures. c) An automatically generated HTML
webpage provided result tables and visualizations of neuroimaging findings. All tables were
also saved as CSV files, and all significant voxel clusters were saved as png images.
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C. ROC Curves d .

Performance
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True Positive Rate
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Missing Subjects (%)

= AUC - Sensitivity at 5% FPR

0.5
False Positive Rate

Figure 4.
a) Brain maps displaying the proportion of subjects with missing data at each voxel of the

brain in the ENIGMA-PTSD dataset (n = 3,193). b) The sensitivity of IBMMA at a 5%
false positive rate (FPR) calculated from a simulated dataset given the observed missing
rates at each voxel of the brain. c) Receiver operator characteristic (ROC) curves at different
levels of subject missingness in increments of 5%. d) Performance of IBMMA, measured
by area under the curve (AUC) and sensitivity at a 5% FPR, across varying levels of subject
missingness.
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FSL

@ Included ® Excluded

IBMMA & FSL IBMMA Only FSL Only

IBMMA & FSL IBMMA Only FSL Only

Figure 5.
Seed-based functional connectivity results for the left thalamus using IBMMA, FSL, and

conjunction analyses. a) IBMMA accounts for missing voxel-data by only using subjects
with non-missing data for a given voxel, while FSL only analyzes voxels with complete
data. Left: Number of participants with non-missing voxel-data used by IBMMA for each
voxel. Right: The colored regions represent voxels that were included in the FSL analysis,
while non-colored regions were excluded due to one or more participants having missing
voxel-data. b, ¢, d) Significant associations found by IBMMA (left) and FSL (right).
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Z-statistic maps are thresholded at Z = 3.1 (uncorrected). In the conjunction analysis panels
(bottom), red voxels indicate regions identified as significant by both IBMMA and FSL,
while purple (IBMMA only) and blue (FSL only) voxels indicate areas of disagreement
between the two software. b) Significant negative associations with age. c) Significant
associations with sex (female > male). d) Significant association with PTSD diagnosis
(cases > controls).
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Table 1:

Comparison between IBMMA and other neuroimaging software.

| IBMMA | HALFpipe | AFNI | FSL | CONN Toolbox

Capabilities

Preprocessing X v v v v
Group-level analysis v v v v v
Supports large-n datasets v v X X X
Handles missing data v v v X X
Mixed-effects modeling v X v X X
Supports multiple GLM families? v 28 S 28 X
Offers meta- and mega-analysis in a single package v X X X X
Offers conjunction analysis v X X X X
Compatible Features 2

Seed-based connectivity v v v v v
Task-based activation v v v v X
Voxel-based morphometry v X X X X
Vertex-based surface analysis v X X X X
Accepted Inputs

NIfTI images v

CSV files v

Page 25

IBMMA supports generalized linear models (GLMs) from diverse families, such as binomial, poisson, and gaussian, while other neuroimaging

software typically only support gaussian GLMs.

ZCompatibIe features means that IBMMA can handle these types of neuroimaging.
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