
Advancing image-based meta-
analysis through systematic use of 
crowdsourced NeuroVault data
Julio A. Peraza1, James D. Kent2, Ross W. Blair3, Jean-Baptiste Poline4, Thomas E. Nichols5, 
Alejandro de la Vega2 & Angela R. Laird1

Image-based meta-analysis (IBMA) is a powerful method for synthesizing results from various fMRI 
studies. However, challenges related to data accessibility and the lack of available tools and methods 
have limited its widespread use. This study examined the current state of the NeuroVault repository 
and developed a comprehensive framework for selecting and analyzing neuroimaging statistical 
maps within it. By systematically assessing the quality of NeuroVault’s data and implementing novel 
selection and meta-analysis techniques, we demonstrated the repository’s potential for IBMA. We 
created a multi-stage selection framework that includes preliminary, heuristic, and manual image 
selection. We conducted meta-analyses for three distinct domains: working memory, motor, and 
emotion processing. The results from the three manual IBMA approaches closely resembled reference 
maps from the Human Connectome Project. Importantly, we found that while manual selection 
provides the most precise results, heuristic methods can serve as robust alternatives, especially for 
domains that include a heterogeneous set of fMRI tasks and contrasts, such as emotion processing. 
Additionally, we evaluated five different meta-analytic estimator methods to assess their effectiveness 
in handling spurious images. For domains characterized by heterogeneous tasks, employing a robust 
estimator (e.g., median) is essential. This study is the first to present a systematic approach for 
implementing IBMA using the NeuroVault repository. We introduce an accessible and reproducible 
methodology that allows researchers to make the most of NeuroVault’s extensive neuroimaging 
resources, potentially fostering greater interest in data sharing and future meta-analyses utilizing 
NeuroVault data.
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A key challenge in neuroimaging meta-analysis, as the scientific literature continues to grow rapidly each year, is 
how findings are aggregated1. Image-based meta-analysis (IBMA) is considered the gold standard for aggregating 
neuroimaging results because it combines whole-brain statistical maps to identify consistent effects across studies 
with greater sensitivity than the popular coordinate-based meta-analysis (CBMA)2,3. Despite its clear benefits, 
the use of IBMA has been limited by a lack of accessible data and standardized analysis frameworks. While the 
NeuroVault repository4 was created to improve data availability for meta-analyses, it remains underused, as only 
one published IBMA has utilized NeuroVault data5. Several issues, including non-standardized data sharing 
practices, the risk of spurious images in NeuroVault6, and the absence of appropriate tools and methods, have 
created a significant gap between NeuroVault’s potential and its actual use for meta-analysis. Here, we introduce 
a comprehensive framework that closes this gap by providing systematic methods for data curation, quality 
control, and robust meta-analysis, making NeuroVault’s extensive resources accessible for IBMA.

Neuroimaging meta-analysis encompasses several approaches for aggregating neuroimaging data7, each 
suited to different levels of data availability. At the highest level, mega-analysis combines individual participant 
data across studies, allowing for unified statistical modeling with optimal power8–12. When researchers have 
access to subject-level time series data from multiple studies, they can perform a hierarchical three-level IBMA 
mega-analysis3. This approach can produce both fixed-effects and mixed-effects inferences at the third level, 
accounting for both within- and between-study variance. However, individual participant data is rarely available 
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due to privacy concerns, storage limitations, and data sharing restrictions13–15. More commonly, researchers 
perform traditional IBMA using group-level statistical maps from each study2. This approach still preserves the 
spatial richness of whole-brain data while working with summary statistics. Various aggregation methods can 
be applied, including simple averaging, Fisher’s16, or Stouffer’s combination methods17. When even group-level 
statistical maps are unavailable and researchers only have access to reported peak coordinates from publications, 
they must resort to CBMA18–21, where methods like activation likelihood estimation (ALE)22, kernel density 
analysis (KDA)23,24, and multilevel KDA (MKDA)25 are commonly used to combine activation coordinates 
across studies.

IBMA outperforms CBMA in several aspects. For instance, CBMA works with activation foci producing 
information loss, and it relies on kernel-based methods to infer the model activation maps from peak coordinates, 
requiring spatial assumptions that fail to reproduce the actual statistical map25. Although a combination of 
kernel parameters and thresholds for CBMA could be chosen to maximize the similarity with IBMA maps, 
such optimal settings depend on the dataset and specific considerations from individual studies (e.g., statistical 
thresholds) and thus are not generalizable across meta-analyses3. Further, considering how underpowered 
most neuroimaging studies are, brain activations that fail to pass certain thresholds of significance are generally 
discarded in a CBMA. In contrast, IBMA methods use whole-brain statistics; thus, all existing voxel-wise 
statistical methods are available to analyze subject-level data within studies2. IBMA is known to produce richer 
and more detailed results, with additional brain structures that are often absent from CBMA results. IBMA also 
has greater power; thus, one could potentially achieve similar or even better results with a small fraction of the 
studies generally required in CBMA. In addition, when both the parameters and variance estimates are available, 
hierarchical mixed-effect models can be used to account for both within- and between-study variance3. Despite 
the clear superiority of IBMA, CBMA remains the most popular approach among the neuroimaging research 
community for practical reasons.

In the last two decades, only a few IBMAs have been conducted. Some researchers have leveraged IBMA 
methodologies for combining data from multiple sites from big data consortia, such as ABIDE26 and the 
Brainnetome Project for Schizophrenia27. Other studies have followed a more traditional approach to meta-
analysis by identifying relevant studies in the literature and then contacting the corresponding author of 
the selected publications, asking for the group-level unthresholded statistical maps28–35. Limiting IBMA to 
neuroimaging consortia restricts meta-analytic topics to a few domains and scientific questions. Alternatively, 
traditional meta-analysis is a more arduous task, as it requires contacting several dozen scientists to obtain 
their unthresholded and normalized statistical maps, which is time-consuming. Moreover, corresponding 
authors are not always responsive; the data could be lost, difficult to retrieve, or lack the quality required for 
a meta-analysis28. In comparison, more than 400 CBMA studies have been conducted since 2010, addressing 
consensus for many domains and scientific questions. In practice, researchers commonly report activation foci 
of significant findings in neuroimaging studies, making a large portion of the neuroimaging literature accessible 
for CBMA approaches36–39. Meanwhile, whole-brain statistical images are rarely shared, thus limiting IBMA to 
a small number of tasks and mental functions.

The NeuroVault web-based repository was introduced to address image data availability by providing an 
easy-to-use community platform to share statistical maps4. Today, NeuroVault’s archives contain a significant 
volume of collections with more than two hundred thousand brain maps and corresponding metadata, some 
of which are linked to peer-reviewed articles. However, there is still limited coverage of the neuroimaging 
literature, as most research labs have not adopted NeuroVault as part of their workflows when submitting an 
article for publication7. Currently, downloading usable data from NeuroVault comes with multiple challenges. 
For example, a substantial portion of collections in NeuroVault are wrongly annotated or lack a link to a valid 
publication; some images are duplicates, and others correspond to non-statistical imaging modalities6. Overall, 
the potential number of spurious statistical maps complicates the use of NeuroVault data for IBMA. Although 
the NeuroVault API is integrated with some neuroimaging software (e.g., Nilearn and NiMARE)7, users without 
coding experience often struggle to produce efficient analyses from NeuroVault data. Taken together, there is a 
need for standard guidelines for image selection and proper data cleaning, followed by open-source tools and 
reproducible methods to facilitate IBMA with NeuroVault.

The overall objective of the current study was to advance research tools for IBMA, including a standard 
image selection framework, image aggregation methods, databases, and guidelines. Initially, we examined the 
current status of the NeuroVault repository and evaluated its feasibility for IBMA. Then, we developed an image 
selection framework to identify images suitable for IBMA for a given domain or fMRI tasks. We implemented 
several combination methods with robust approaches to handle images with extreme values and outliers. The 
different combinations of image selection and combination methods were assessed against reference images 
from the task-fMRI group-average effect size maps from the Human Connectome Project (HCP) S1200 data 
release40–44. The comparisons between our IBMA results and the reference maps focused on evaluating image 
similarity and increased estimates in specific brain regions of interest. The entire process, from accessing data in 
NeuroVault to producing meta-analytic maps, is detailed in an open-access repository to facilitate reproducible 
and systematic meta-analysis. Collectively, we expect the results of the current work, including our specific 
guidelines, tools, and methods, to boost interest in the NeuroVault platform and promote IBMA research.

Results
Overview of the methodological approach
Figure 1 provides an overview of our methodological approach. First, we identified fMRI tasks linked to a specific 
domain (e.g., working memory) using the established connection between NeuroVault and the Cognitive Atlas 
knowledge base4,45. Then, we downloaded all images linked to selected tasks from the NeuroVault repository. 
Second, we performed a preliminary image selection leveraging the metadata associated with the images, 
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which were identified as potential candidates for IBMA. We also conducted a data-driven heuristic selection to 
remove possible outliers from the data. Subsequently, we manually selected relevant images by identifying the 
analysis contrast in their corresponding article and with the help of the image metadata in NeuroVault. Third, we 
conducted image-based meta-analyses using standardized effect size maps of the chosen images. In addition to 
using a baseline meta-analytic estimator (i.e., mean), also referred to in this article as combination or aggregation, 
we explored four robust combination methods: median, trimmed mean, winsorized mean, and weighted mean. 
Finally, the meta-analyses with different combinations of parameters (i.e., image selection method and estimator 
approach) were evaluated against reference images from the task-fMRI group-average effect size maps from the 
HCP S1200 data release40–44. Our proposed framework for IBMA using NeuroVault, along with a flexible Jupyter 
Notebook tutorial, is presented in the Methods section.

Exploring the current state of neurovault: data availability and quality assessment
Before attempting to run IBMA, we conducted a thorough analysis of the state of NeuroVault as of February 
2024 (Fig. 2). Figure 2A illustrates its evolution from 2013 to 2023. When NeuroVault was launched, it received 
11 collections and 63 images in the first year. Since then, the amount of uploaded data has steadily increased, 
reaching over 238,000 images distributed across 5,756 collections a decade later. Of these collections, 26% are 
linked to published journal articles, and approximately 66% of images are associated with a publication. The 
growth of collections follows a similar trend, with a median of 618 new collections created each year. Notably, 
the most significant increases occurred in 2018 and 2023, with more than 700 collections added each year. The 
median number of images uploaded annually exceeded 11,000, with the highest uploads occurring in 2018, 
2020, and 2021, totaling over 47,000, 54,000, and 58,000 images, respectively. Overall, these trends highlight the 
rapid growth and increasing adoption of NeuroVault as a comprehensive and widely used repository for sharing 
neuroimaging statistical images.

Next, we sought to identify which collections could be linked to publications with a valid DOI.  Starting 
with NeuroVault’s 5,756 collections, we found only 896 with a valid DOI link in the DOI field of the collection 
metadata. Of the remaining 4,985, we found 28 collections with a valid DOI link provided in the collection 
description field. We then searched PubMed for articles that matched the collection’s title and found 354 additional 
collections that could be linked to published articles. Finally, we conducted an extensive search using Pubget46, 
an open-source Python tool for collecting data for biomedical text mining. We performed a Pubget query and 
retrieved papers that mentioned NeuroVault in the title, abstract, keywords, or body (“*neurovault*[All Fields]”) 
and found 194 additional collections linked to a valid publication. Altogether, we were able to identify a final 
sample of 1,472 NeuroVault collections that were linked to a published article with a valid DOI.

Importantly, not all collections and images in NeuroVault are “standard” collections uploaded by independent 
users and thus may not be suitable for meta-analysis. Specifically, 40% of the 9,502 collections were created by 
the Neuroscout web application47, which utilizes NeuroVault to store results generated by its analysis pipelines 
for sharing and visualization purposes. Among the 5,756 remaining “standard” collections in NeuroVault, 
we examined how their images are organized based on modality, analysis level, and image type (Fig. 2B). As 
anticipated, the majority of images in NeuroVault are categorized as “fMRI-BOLD,” with other modalities 
making up only 5% of the total. Interestingly, 25% of the images are not linked to existing image modalities. 
Notably, the distribution of images in NeuroVault is heavily skewed by a few large collections containing subject-
level data. For example, collections 9494, 4337, and 8996 alone account for over 70,000 single-subject images, 
which skews the overall proportions. When examining collections linked to publications, we found that 797 
collections contain only group-level data, while just 52 contain only single-subject data, and 18 contain both 
types. This distribution, with group-level collections outnumbering subject-level collections, clearly reflects 
NeuroVault’s original purpose as a repository for sharing group-level statistical maps rather than individual 
subject data. Additionally, around 75% of the uploaded images are unthresholded, preserving the full richness 
of the data. Similarly, more than 75% of the images in NeuroVault are statistical maps (Z or T), with other types, 
such as variance and effect maps, representing a smaller proportion. Notably, 63% of the images are linked to 
valid Cognitive Atlas tasks.

NeuroVault images selection consideration for IBMA
The primary challenge with conducting IBMA using NeuroVault is identifying relevant images for a meta-
analysis. To demonstrate this process, we conducted a preliminary selection of images that could potentially be 
suitable for meta-analysis (Fig. 3A). We focused on fMRI-BOLD images, as they are the most prevalent modality 
in NeuroVault, making up 70% of the total images. We specifically chose images from group-level analyses, 
which represent a smaller proportion compared to subject-level images, as illustrated in Fig. 2B. While using 
individual-level data and conducting a hierarchical IBMA mega-analysis represents the ideal scenario for data 
aggregation, such images in NeuroVault are concentrated in only a few large collections (e.g., collections 9494, 
4337, and 8996 contain over 70,000 single-subject images combined), which restricts IBMA to just a few studies 
and neuroimaging domains. Additionally, information regarding the analysis contrast is not standardized in 
NeuroVault, making it impractical to curate such a large sample of images manually. In contrast, we focus on a 
more traditional IBMA using group-level statistical maps, which offers a more feasible approach for synthesizing 
findings across the existing NeuroVault data. The selection of group-level maps significantly reduced our sample 
to only 7.5% of all available images. However, the number of collections did not decrease at the same rate, 
reinforcing our observation that most single-subject images originate from just a few collections. Additionally, 
we retained only images from studies with a sample size greater than ten subjects. We selected images classified 
as T or Z statistics, bringing the total down to 11,422 images. Although best practices in meta-analysis suggest 
using meaningful units and incorporating uncertainty through standard errors, T/Z statistic maps are the most 
commonly shared images in NeuroVault. Moreover, we filtered for unthresholded images that covered at least 
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40% of the brain and were in MNI space. Finally, we narrowed our selection to 6,400 images associated with a 
Cognitive Atlas task, accounting for just 2.7% and 16.8% of the total image and collection sample, respectively. 
This selection process shows that only a small percentage of NeuroVault images are potentially relevant for 
image-based meta-analysis.

Following that, we aimed to explore how the Cognitive Atlas tasks were represented in the remaining images 
and collections (Fig. 3B). Social judgment and decision-making tasks had the most significant number of images, 
with 196 and 126 images distributed across 11 and 14 collections, respectively. The go/no-go task was included in 
the highest number of collections, with a total of 93 images across 17 collections. Other tasks that were notably 
well-represented in NeuroVault included motor, emotion processing, and n-back tasks, among others. Overall, 
a diverse range of tasks and domains is well represented in NeuroVault, providing sufficient data for conducting 
image-based meta-analyses.

For a preliminary evaluation of IBMA using NeuroVault data, we selected domains whose tasks are well-
represented in NeuroVault. We focused on working memory, motor, and emotion processing. For working 
memory, we used the working memory fMRI task paradigm and the n-back task. For the motor domain, we 
selected images linked to the motor fMRI task paradigm, the motor sequencing task, and the finger tapping task. 
Finally, for emotion processing, the emotion processing fMRI task paradigm was considered. As the reference 
image for the three domains, we used effect size maps from the HCP. Additional analysis for other domains can 
be found in the supplementary materials (Fig. S1 and Fig. S2). In addition to the preliminary selection shown 
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in Fig.  3A, we excluded images from the HCP NeuroVault collection. Consequently, our criteria resulted in 
98 images distributed across 19 collections for working memory, 85 images in eight collections for motor, and 
82 images in 14 collections for emotion processing (Table S1). This set of images is referred to as “All Images” 
throughout this paper.

Fig. 1.  Systematic framework for conducting image-based meta-analysis using NeuroVault repository data. 
This three-stage workflow tackles the main challenge of systematically identifying and analyzing neuroimaging 
statistical maps from the NeuroVault database. (A) Data identification and acquisition: We utilized the 
established integration between NeuroVault and the Cognitive Atlas knowledge base to systematically find 
fMRI tasks within specific cognitive domains (e.g., working memory). Images and related metadata were 
then downloaded via the NeuroVault API for further analysis. (B) Multi-level image selection framework: 
Three complementary selection methods were applied to address data quality issues. Initial selection used 
strict inclusion criteria (fMRI-BOLD modality, group-level analysis, N > 10 subjects, T/Z statistical maps, 
unthresholded, > 40% brain coverage, MNI space) to pinpoint potentially suitable images for meta-analysis. 
Heuristic selection employed automated techniques to detect and remove spurious images, duplicates, 
and statistical outliers based on data-driven thresholds and filename patterns. Manual selection involved 
expert review of linked publications to verify contrast relevance and methodological correctness. (C) 
Robust meta-analytic estimation methods: Beyond standard mean aggregation, four robust estimators were 
used to manage extreme values and outliers often found in diverse datasets. The visualization shows how 
different estimators weigh individual studies: circle color intensity indicates relative influence in the final 
aggregation (darker = higher weight, white = excluded), circle size varies only for the weighted mean estimator 
(larger = higher precision), solid lines connect studies included in mean calculations, dotted lines represent 
median calculations, and red arrows indicate value replacement in winsorized approaches. All meta-analytic 
results were validated against high-quality reference maps from the HCP data to evaluate the effectiveness of 
various selection and estimation strategies.

◂

Fig. 2.  Evolution and current state of NeuroVault data show rapid growth but limited meta-analysis-ready 
content. (A) NeuroVault’s decade-long growth highlights increasing adoption of neuroimaging data sharing. 
The repository grew from 63 images at launch (2013) to over 238,000 images across 5,756 collections by 2023. 
Notably, only 26% of collections link to published articles (dark blue bars), revealing a challenge for systematic 
meta-analyses. The steepest growth occurred between 2018 and 2021, with annual uploads surpassing 47,000 
images. (B) Distribution of NeuroVault content points out key limitations for IBMA. Top row: While fMRI-
BOLD is the most represented modality (70% of images), 25% lack modality specification. Only 63% of 
images are linked to standardized Cognitive Atlas tasks, which are essential for domain-specific meta-analyses. 
Subject-level data dominate the analysis-level distribution (top right), but the overall proportions are skewed 
from just a few large collections. Bottom row: Encouragingly, 75% of images are unthresholded, preserving 
the statistical information necessary for IBMA. Statistical map types (Z/T) are predominant. The collection-
level view (bottom right) shows that among publications with PMIDs, group-only collections (n = 797) greatly 
outnumber single-subject collections (n = 52), aligning with NeuroVault’s intended use for sharing group-level 
results and supporting our focus on traditional IBMA approaches.
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After selecting these well-represented and exemplar domains, we applied data-driven heuristic selection 
methods that primarily focused on identifying images characterized by extreme values, duplicates, and inverted 
contrasts. For example, we only selected images with a minimum Z value greater than 1.96 and a maximum Z 
value less than 50. We eliminated images associated with non-statistical maps by detecting patterns in the image 
and file names, such as “ICA,” “PCA,” and “PPI,” among others. Consequently, we removed extreme images 
relative to a robust average of the whole population of images using regression slopes. This heuristic selection 
framework reduced the number of collections and images in domains such as working memory and emotion 
processing by half. However, for the motor domain, only one collection and a few images were removed (Table 
S1).

Finally, we manually selected the most relevant images of the publications linked in the NeuroVault 
collections. Our focus was primarily on the task description outlined in the paper’s method section and the 
specific contrast of interest. To aid in our selection, we examined the image, file name, and contrast definition 
fields found in the image metadata within NeuroVault. Ultimately, the final sample comprised ten images from 
six collections for working memory, 30 images from seven collections for motor, and eight images from just two 
collections for emotion processing (Table S1).

Evaluating manual IBMA with NeuroVault
To evaluate IBMA using NeuroVault, we conducted a meta-analysis on the manually selected images corresponding 
to the three domains described above. The input images, initially downloaded as T/Z statistics, were converted 
into Cohen’s d maps using the sample sizes available in their NeuroVault metadata. We employed a baseline 
IBMA estimator (i.e., the mean), which performed a voxel-wise average of the input maps. For reference maps, 
we utilized the group-average effect size maps from the HCP S1200 data release40–44. Specifically, for working 
memory, we used the contrast “2-Back vs. 0-Back”; for motor, we aimed to reproduce the contrast representing 
the average of all motor movement blocks against the baseline “Motor vs. Baseline,” and for emotion processing, 
we employed the contrast “Face vs. Shape.” Additional details regarding these tasks and their available contrasts 
are described by Barch et al.40. We compared the results of our manual IBMA using the baseline estimator and 
reference maps from the HCP data (Fig. 4). HCP group-average maps were chosen as reference standards for 

Fig. 3.  Systematic filtering shows that only 2.7% of NeuroVault images meet preliminary IBMA criteria, 
with enough coverage across cognitive domains. (A) Applying standard neuroimaging meta-analysis criteria 
significantly reduces the usable NeuroVault dataset. Starting from 238,319 total images in NeuroVault, each 
filter removes unsuitable data: limiting to fMRI-BOLD (70%), group-level analyses (7.5%), sample sizes 
(> 10 subjects), statistical maps (T/Z), unthresholded data, sufficient brain coverage (> 40%), MNI space 
normalization, and Cognitive Atlas task annotation. This strict but necessary selection process results in only 
6,400 potentially usable images (2.7%). The most restrictive criterion is the group-level requirement, indicating 
that most NeuroVault data comes from individual subject uploads rather than study-level summaries. (B) 
The distribution of these 6,400 filtered images across cognitive domains shows enough representation for 
targeted meta-analyses. Social judgment and social decision-making tasks have the most images (196 and 126, 
respectively), while go/no-go tasks cover the most collections (17). Importantly, our three focus domains (i.e., 
working memory (n-back), motor tasks, and emotion processing) all have sufficient data for solid IBMA. The 
dual-axis chart reveals that image count and collection diversity don’t always match; some tasks with many 
images are concentrated in a few collections, which could limit generalizability. This distribution confirms 
NeuroVault’s potential for domain-specific IBMA despite the strict filtering.
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validation, given their coverage of distinctive domains, scale, and quality of the data. We tested whether our 
IBMA can detect robust, reproducible task effects despite methodological heterogeneity, rather than expecting 
identical results. High correlations indicate successful identification of core task-related patterns; lower 
correlations may reflect either limitations in the IBMA approach or heterogeneity in the literature. The degree 
of correspondence informs us about both the quality of available data and the effectiveness of different selection 
and aggregation strategies.

Manual IBMA effectively reproduced the reference maps for the three domains, demonstrating significant 
qualitative and quantitative convergence (Fig. 4A). Notably, the working memory and motor domains exhibited 
estimated effect sizes comparable to the reference maps. In contrast, while there were similarities observed in 
visual brain regions for emotion processing, the average effect size estimate was weaker. Overall, these findings 
indicate that the NeuroVault data is suitable for IBMA.

Assessing the impact of image selection and estimator methods on IBMA
Despite the availability of relevant data in NeuroVault, conducting a manual image-based meta-analysis still 
requires significant effort, as described above. Moreover, the current process for selecting relevant images from 

Fig. 4.  Manual curation yields the strongest meta-analytic results, but automated methods with robust 
estimators provide viable alternatives for heterogeneous domains. (A) Visual comparison shows that manual 
IBMA successfully recovers activation patterns from HCP reference data. Working memory IBMA captures 
bilateral frontoparietal networks typical of n-back tasks. Motor IBMA accurately identifies primary motor 
cortex activation. Emotion processing shows weaker but anatomically plausible visual cortex activation, 
reflecting greater heterogeneity in face-processing paradigms across studies. Color scales represent effect sizes, 
with warmer colors indicating stronger activation. (B) Quantitative validation reveals how image selection 
strategies impact IBMA. Manual selection consistently outperforms automated approaches, achieving the 
highest correlations with HCP references (working memory: r = 0.74**, motor: r = 0.52**, emotion: r = 0.31*). 
Heuristic selection, which automatically removes outliers and spurious images, improves results over including 
all images, especially for emotion processing. The small difference between methods for motor tasks (∆r = 0.05) 
suggests that homogeneous paradigms require less curation. At the same time, emotion processing shows 
significant improvement with manual selection (∆r = 0.26). (C) Robust statistical estimators show domain-
specific benefits when manual curation is not feasible. For homogeneous domains (i.e., working memory 
or motor), all estimators perform similarly, indicating traditional mean-based approaches are sufficient. 
However, for heterogeneous emotion processing data, robust methods significantly enhance results: median 
estimation increases correlation from r = 0.05 to r = 0.20* when all images are included, approaching manually 
curated results. The weighted mean shows high variability: best with heuristic selection (r = 0.37) but worst 
with unfiltered data. Statistical significance was tested with spin permutation tests that account for spatial 
autocorrelation (*p < 0.05; **p < 0.001).
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NeuroVault is not standardized, which may lead to biases introduced by researchers. With this in mind, we 
next considered the feasibility of applying a heuristic to selecting relevant images or including all images in a 
meta-analysis without the extensive manual work. Manual selection continues to be the preferred method for 
meta-analyses where accuracy is crucial. Our review of automated methods aims to achieve two goals: (1) to 
check if automated techniques can produce acceptable initial results for exploratory studies or screening many 
potential domains; and (2) to support NeuroSynth-style automated meta-analyses that can monitor how findings 
develop as NeuroVault expands. In this section, we investigate if these alternatives to the manual approach yield 
acceptable results.

In Fig. 4B, we compared correlation coefficients from each meta-analysis based on three selection methods: 
(i) one that included all images from the preliminary selection, (ii) another that used a data-driven heuristic 
selection, and (iii) a third that relied on manual selection. As anticipated, the manual meta-analyses yielded the 
highest correlation with the reference maps across the three domains. Specifically, the manual IBMA for working 
memory showed a strong correlation (r = 0.74, p < 0.001), followed by the motor domain (r = 0.52, p < 0.001), and 
a weaker correlation for emotion processing (0.31,  p < 0.001). Surprisingly, including all images in the meta-
analysis produced satisfactory results, with correlations of r = 0.58 (p < 0.001) for working memory and r = 0.47 
(p < 0.001) for the motor domain. Including all images resulted in almost no correlation for emotion processing. 
The difference between the manual selection and the all-images approach for the motor domain was relatively 
small, with a 0.05 increase observed with manual selection. However, for the other two domains, the difference 
was more significant: there was a 0.16 gain for working memory and a 0.26 gain for emotion processing using 
the manual approach. Finally, the heuristic selection method showed promising results for working memory 
and emotion processing, suggesting that this approach effectively minimized extreme and unwanted values from 
the all-images sample. In fact, the correlation coefficients for these two domains were more aligned with those 
found through manual selection. In the case of the motor domain, the heuristic selection did not eliminate many 
maps and maintained the same number of collections (Table S1); as a result, the correlation achieved through the 
heuristic meta-analysis was slightly lower than that obtained with the all-images approach.

Meta-analysis methods can be notably influenced by extreme observations. In most cases, except for 
random-effects meta-analysis, an outlier is viewed as strong evidence of an effect and can skew results toward 
significance. Conversely, in a random-effects meta-analysis, an outlier can increase heterogeneity and ultimately 
reduce the significance of the findings. Here, we propose four robust alternative methods to the baseline mean 
(Fig.  4C). Using the median, we achieve maximum robustness even when up to half the data is corrupted, 
although it is somewhat less efficient than the mean in terms of variance. The trimmed mean removes the most 
extreme 10% of observations from each tail, providing a balance between robustness and efficiency by excluding 
outliers. The winsorized mean replaces extreme values with their nearest neighbors instead of removing them 
entirely, maintaining the original sample size while lowering the impact of outliers. Lastly, the weighted mean 
uses inverse-variance weighting, assigning greater influence to studies with smaller standard errors.

For domains characterized by tasks with more homogeneous experimental paradigms, such as working 
memory and motor, the different estimators correlated similarly with the reference maps. Estimators that 
specifically target extreme values in the data, like the trimmed mean and winsorized mean, performed slightly 
better than the baseline estimator. However, the increase in correlation of only 0.01 does not justify the need 
to modify or reduce the input sample using those robust estimators. For the motor tasks, the median estimator 
performed worse than the other estimators, while the weighted mean showed relatively strong performance. In 
the case of working memory, the weighted mean yielded the best performance when including all images; this 
may be attributed to the presence of outlier studies with small standard errors. For a domain defined by tasks 
with high heterogeneity of experimental paradigms, such as emotion processing, robust estimators significantly 
improved upon the baseline. Interestingly, when all images were included, we initially found a correlation of 
r = 0.05 (p = 0.678). However, using the median as a combination method increases this correlation to r = 0.2 
(p = 0.041), which was nearly on par with the results obtained through heuristic selection using the baseline 
estimator. All robust estimators enhanced the correlation when applied to the heuristic selection sample, with 
the weighted mean achieving a correlation of r = 0.37 (p < 0.001), surpassing the correlation found in the baseline 
manual meta-analysis. Yet, the weighted mean performed the poorest when all images were considered in the 
meta-analysis. Overall, the trimmed mean provided the most consistent improvement across different image 
selection methods and domains. In manual IBMA, robust estimators performed similarly to the baseline 
estimator, with the mean estimator occasionally showing slightly better results. The weighted mean tended to 
produce the most extreme values, significantly increasing the correlation in some cases while decreasing it in 
others compared to the reference. Additional results of all parameter combinations tested are available in the 
supplementary materials (Fig. S3, Fig. S4, Fig. S5, Fig. S6, Fig. S7, Fig. S8, Fig. S9, Fig. S10, Fig. S11, Fig. S12, Fig. 
S13, and Fig. S14).

Following this, we aimed to investigate how the estimated effect varied with different image selection 
methods. Figure 5 presents the distribution of estimates for the three domains, categorized by image selection 
methods. Not surprisingly, the results of the manual meta-analysis demonstrated broader distributions centered 
around zero, which indicates a relative increase in both positive and negative effect size estimates. Notably, for the 
motor domain, the distribution resulting from manual selection appeared more positively skewed than the other 
selection methods. In contrast, when we included all images in the meta-analysis, we observed the narrowest 
distributions among all selection methods. The distributions generated by applying the heuristic selection were 
slightly wider than those produced by including all images. These findings are qualitatively supported by the 
activation levels in the surface map plots, which clearly show that manual selection results in stronger effect 
estimates than the other methods. Meanwhile, the heuristic selection method still enhances the results compared 
to incorporating all images in the meta-analysis.
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Subsequently, we quantitatively evaluated the increased estimated values in specific areas of interest across 
the various domains (Fig. 6). To achieve this, we focused our analysis on particular regions of interest, defined 
by selecting the top 10% of vertices from the reference maps (Fig. 6A). The results of this evaluation for all 
image selection methods are displayed in Fig. 6B. As anticipated, the manual meta-analysis produced the highest 
estimates, approaching one, for working memory and motor. Heuristic selection slightly improved the estimates 
compared to using all images, yielding mean estimates of 0.31 for working memory and 0.49 for motor. In 
contrast, including all images resulted in the lowest mean estimates across all selection methods. Interestingly, 
the estimates for emotion processing showed no significant differences among the selection methods, with all 
mean values close to zero. Regarding the meta-analytic estimators, the baseline estimator outperformed the 
four robust estimators for both heuristic and all image selection methods in the cases of working memory and 
motor. The median and weighted mean estimators exhibited the poorest performance among the five estimators. 
Overall, the five methods produced similar average estimates for emotion processing, with values just above zero.

Discussion
The NeuroVault repository currently houses a vast collection of brain images. However, the absence of standardized 
methods, accessible tools, and clear guidelines has hindered the reusability of this rich data source for secondary 
data analyses, such as IBMA. In this study, we examined the current state of the NeuroVault data, developed 
an automatic heuristic for selecting images, implemented five estimation methods, and provided guidelines for 
conducting IBMA. First, we highlighted the rapid growth of NeuroVault as a comprehensive repository for sharing 

Fig. 5.  Manual selection produces stronger effect sizes, revealing signal reduction when including potentially 
heterogeneous images. The distribution of vertex-wise effect size estimates shows how image selection methods 
influence meta-analytic sensitivity and specificity. Manual selection (top row, navy) results in the broadest 
distributions with prominent positive tails. This is especially clear for motor tasks, where manual curation 
creates a noticeable rightward skew, reflecting robust activation in the motor cortex. Conversely, including all 
images (bottom row, gray) leads to narrow, zero-centered distributions, with signs of signal reduction caused 
by heterogeneous contrasts, spurious images, and inverted maps that cancel out true effects. Heuristic selection 
(middle row, light blue) yields intermediate results, partially recovering signal strength by automatically 
filtering outliers and duplicates. The impact varies across domains: working memory and motor tasks show 
noticeable improvements with curation (notice the extended positive tails). At the same time, emotion 
processing remains near zero across all methods, highlighting the heterogeneity of the contrasts in NeuroVault. 
Vertical gray lines indicate the range from the “All Images” selection, emphasizing how manual selection 
broadens the dynamic range of detected effects. Surface visualizations (scaled − 0.8 to 0.8) confirm that wider 
distributions correspond to stronger, more focused activation patterns.
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neuroimaging statistical images. We noted a diverse representation of tasks and domains supporting secondary 
data analyses. Second, we demonstrated the feasibility of conducting IBMA with NeuroVault by reproducing 
reference maps from the HCP data for three distinct domains: working memory, motor, and emotion processing. 
We emphasized the importance of proper image selection for IBMA, particularly for heterogeneous domains 
such as emotion processing. Finally, we implemented robust IBMA estimators to manage extreme or spurious 
images within the input sample, underscoring their relevance for more complex domains.

Present and future of NeuroVault data for IBMA
NeuroVault has been widely adopted by researchers in the neuroimaging community. In just ten years, it has 
grown from 61 images at its launch in 2013 to over a quarter of a million images today. Our systematic analysis 
revealed significant challenges within the NeuroVault repository. Despite hosting over 238,000 images across 
5,756 collections, only a small fraction were potentially relevant for IBMA. Specifically, only 2.7% of the images 
met our preliminary inclusion criteria, where requiring group-level images for meta-analysis represented the 
strictest criteria. This low percentage is primarily explained by the fact that subject-level data from just a few 
extensive collections dominate the total image count. However, when examining collections rather than raw 
image counts, we found a reasonable representation of group-level analyses across NeuroVault, consistent 
with the repository’s original purpose of sharing group-level statistical maps. The plateau shown in Fig. 2B in 
publication-linked collections in recent years may suggest a potential decline in the availability of imaging data 
for meta-analysis in the future. However, we believe this pattern is likely due to publication time lags, and we 

Fig. 6.  Effect sizes in task-relevant regions confirm that manual selection is superior, with domain-specific 
patterns revealing essential differences in task uniformity. (A) Reference regions of interest (ROIs), defined by 
the top 10% of effect sizes from HCP data, capture typical activation patterns for each cognitive domain. These 
ROIs serve as targeted benchmarks for assessing meta-analytic recovery of task effects. (B) Quantification 
within reference ROIs shows substantial differences in meta-analytic sensitivity depending on the selection 
method. Manual selection nearly maximizes recovery for homogeneous domains (working memory: d = 0.94, 
motor: d = 0. 0.97). Heuristic selection offers a moderate improvement over unfiltered data (working memory: 
d = 0.31 vs. 0.14, motor: d = 0.49 vs. 0.40), suggesting that automated outlier removal partially addresses 
data quality issues. Notably, emotion processing shows negligible effects (d ≈ 0) regardless of the selection 
method, implying that data and contrast heterogeneity fundamentally limit effect size recovery even in 
task-relevant regions. (C) Robust estimators provide little benefit for automatically curated data but cannot 
fix heterogeneous datasets. For heuristic selection, traditional mean estimation remains best, while robust 
methods (especially median and weighted mean) can reduce effect sizes by 20–50%. When all images are 
included, no estimator significantly improves emotion processing results.
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expect that more existing collections will eventually be linked to publications. While some collection owners 
may not add the publication DOI to their collections post-publication, we can effectively search PubMed for 
any publications missing from the NeuroVault collections. In summary, our results address previous concerns 
about the feasibility of IBMA concerning data availability. We have shown that NeuroVault contains enough data 
to conduct IBMA despite strict filtering criteria. The images suitable for meta-analysis cover a diverse range of 
domains, including social judgment, decision-making, motor, emotion processing, and working memory.

Our comprehensive analysis of the NeuroVault repository revealed that many collections and images face data 
quality issues, such as incorrect annotations, missing publications, and non-statistical maps. This underscores 
the urgent need for standardized data curation methods to facilitate secondary analysis using NeuroVault data. 
While we initially conducted a manual meta-analysis to address data quality concerns, this approach is labor-
intensive. Additionally, the process of manually selecting relevant images lacks standardization, which can 
lead to inconsistencies and reproducibility issues across studies. To tackle these challenges, we developed and 
validated an automated framework for removing potentially spurious images and other outliers. This framework 
allows researchers to efficiently identify and filter suitable statistical maps for IBMA, thereby promoting good 
practices and guiding future meta-analyses. Our method has enhanced reliability and reproducibility, and case 
studies demonstrated how effective data filtering and model selection can significantly influence meta-analytic 
results. Our findings indicate that, while manual selection remains optimal for detecting stronger effect sizes 
and achieving broader activation distributions, combining heuristic selection with appropriate estimators could 
provide a practical balance between accuracy and efficiency in image-based meta-analysis. The effectiveness of 
robust estimators varied by domain, with the trimmed mean displaying consistent performance across different 
selection methods. In general, we are most confident in our results when all these robust methods give similar 
answers and agree with the conventional mean (e.g., the results for the heuristic selection for working memory 
and motor). When these robust methods dramatically differ from the mean (e.g., the results of including all 
images for emotion processing), this indicates that extreme observations play an appreciable role. Unfortunately, 
though, the reduced efficiency implies that with a very small sample size, these robust methods could produce 
rather extreme results.

In summary, our study emphasizes both the potential and the limitations of IBMA using NeuroVault. 
Although the repository holds over 200,000 images, a significant gap exists between ideal meta-analysis practices 
and the available data. IBMA mega-analysis using individual participant data remains the gold standard, offering 
the best statistical power. However, subject-level data are mainly available in a few large collections, making large-
scale mega-analyses across different domains impractical. This pattern reflects broader data sharing practices: 
while some large projects (e.g., HCP collection) provide extensive individual datasets, most researchers share 
only group-level statistical maps, if any. NeuroVault was originally designed for sharing group-level data due to 
privacy concerns, storage limitations, and its initial purpose of conducting meta-analyses with group data4. This 
explains why, although about 10% of images are group-level analyses, these are dispersed across many collections. 
Additionally, the lack of standardized contrast annotations for individual data makes manual curation difficult, 
limiting researchers to traditional IBMA methods. Despite these limitations, our results demonstrate significant 
improvements over coordinate-based approaches. Moving forward, the community should encourage individual 
data sharing through existing platforms, even without perfect harmonization techniques, as this would increase 
reuse potential. Our framework provides a practical solution for the current landscape and highlights areas 
where infrastructure improvements are needed. Future efforts should focus on developing automated annotation 
methods, improving the quality and coverage for both subject-level and group-level data.

Practical considerations for researchers
While our framework provides systematic methods for conducting IBMA with NeuroVault data, researchers 
must carefully address several methodological issues to ensure valid and reproducible results. First and foremost, 
the assumption of independence between studies is essential for accurate meta-analytic inference. We found 
that multiple images from the same collection or study can easily violate this assumption, potentially inflating 
false positive rates. Researchers should thoroughly document when multiple images from a single study are 
included and consider using hierarchical models that account for such dependencies48. Additionally, contrast 
heterogeneity presents a major challenge; for example, in heterogeneous domains like emotion processing, 
the specific contrasts can vary considerably (e.g., faces vs. shapes, emotional vs. neutral faces, fear vs. happy 
expressions). Manual inspection and careful selection of truly comparable contrasts are vital, as our results show 
that heterogeneous contrasts significantly decrease meta-analytic sensitivity.

Our analysis showed that metadata accuracy in NeuroVault cannot be assumed. We found many instances 
of mislabeled statistical map types, incorrect modality specifications, and missing or inaccurate sample sizes. 
Cross-referencing with original publications was essential but time-consuming, highlighting the need for better 
data curation standards. The issue of sample size reporting needs special attention, as this information directly 
impacts meta-analytic weighting schemes. When sample sizes were missing or questionable, we had to make 
assumptions that could have influenced our results, such as removing those studies from the meta-analysis. 
Visual inspection of statistical maps, even after automated quality control, revealed additional spurious images 
that could have contaminated the meta-analysis. These quality issues emphasize that automated methods, while 
useful for efficiency, cannot fully replace careful manual review. Our results confirm that manual selection yields 
better results, especially for domains with heterogeneous experimental paradigms. Nonetheless, we show that 
heuristic selection can be a reasonable compromise in several situations: (1) during preliminary or exploratory 
analyses, (2) when screening multiple domains to identify those needing detailed manual review, (3) working 
with well-defined, homogeneous experimental paradigms (like a motor task), or (4) when resources for manual 
review are limited (for example, if there is no link to the publication in the selected image).
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To facilitate practical implementation, we suggest starting with the Cognitive Atlas to systematically identify 
relevant tasks and domains, downloading related images and collections from NeuroVault, and then thoroughly 
reviewing linked publications to understand methodological details and verify contrast comparability. Although 
this workflow is currently manual, it is being integrated into Neurosynth Compose to make the process more 
efficient1. Nevertheless, even with better tools, the core issues of data quality, independence, and heterogeneity 
will demand ongoing vigilance from researchers performing IBMA with shared neuroimaging data.

Limitations and challenges
Several limitations in the current work must be highlighted to move the field forward. The meta-analytic estimator 
method used in this work solely focuses on handling extreme and unwanted observations. We considered all 
images to be independent of each other. Nevertheless, in most cases, NeuroVault images belong to the same 
paper or collection. Thus, they cannot be considered independent since they may undergo the same analytic 
pipeline or could correspond to the same population. Critically, our assumption of independence can lead to 
inflated false-positive results. A recent work on the same data meta-analyses has studied this issue, proposing 
multiple models to account for dependencies48. These models were evaluated for Stouffer’s and the generalized 
least-squares problem. Future work is required to incorporate and test these models in our robust estimator 
methods.

The automated analysis using the heuristic selection approach might combine images from different 
contrasts or experimental conditions. This variability can hide or confuse meta-analytic results. Additionally, 
the inclusion criteria in the preliminary and heuristic selection depend on metadata provided by NeuroVault 
contributors. Misannotations or incomplete metadata (such as incorrect map type, modality, or sample size) can 
lead to improperly including or excluding images. Even after automated outlier detection and quality control, 
some inaccurate, mislabeled, or low-quality images may still be present, potentially biasing the results. Moreover, 
not all images have accurate or available sample size data, which can affect their weighting in meta-analytic 
estimators that rely on sample size. We recommend researchers see automated selection as a supplement to, 
rather than a replacement for, careful manual curation. The heuristic method can help identify candidate images 
for review, alert to potential issues, and provide initial results to inform more detailed analysis.

We only included analysis for three domains as a proof of concept. Although additional analyses were 
conducted and presented as supplementary information, such results could not be thoroughly evaluated, given 
the lack of reference maps from large-scale fMRI studies. Moreover, other domains could not be considered 
because of data availability. However, we are confident that, as NeuroVault repositories continue to grow, our 
observations will be evaluated at a larger scale. The results presented in this paper, along with the methodology 
and tools, will be critical in extracting meaningful scientific insights from this increasingly large and complex 
database.

While we used HCP group-average maps as our main reference, we recognize that comparing our results 
to other published IBMA would have offered additional validation. However, to our knowledge, no previous 
IBMA has been conducted for the broad cognitive areas examined here (working memory, motor, and emotion 
processing as general categories). Previous IBMAs have generally focused on more specific contrasts or clinical 
populations (e.g., Schulze et al., 201634 on emotional face processing in bipolar disorder; Lukow et al., 202132 on 
reward processing). The absence of comparable broad-domain IBMA highlights the novelty and significance of 
our contribution in demonstrating the feasibility of domain-level meta-analyses using NeuroVault.

Conclusions
This study advances neuroimaging research by providing a comprehensive, reproducible framework for 
conducting IBMA using NeuroVault data. Our findings highlight both the challenges and potential of the 
NeuroVault repository. The methodology presented here offers researchers a robust set of tools and methods for 
assessing data quality, implementing flexible image selection strategies, and conducting reliable meta-analyses 
across diverse domains. Future work should focus on further refining automated selection techniques, expanding 
the range of domains analyzed, and developing more robust estimation methods. As the NeuroVault repository 
continues to grow, such standardized approaches will be critical in extracting meaningful scientific insights from 
the increasingly large and complex neuroscience literature.

Methods
Databases
NeuroVault
NeuroVault (https://neurovault.org) is a web-based repository of fMRI statistical maps from neuroimaging 
studies4. The brain maps are grouped in collections that are created and updated voluntarily. This repository 
can be explored and downloaded with the help of an API, which is supported by some Python neuroimaging 
tools (e.g., Nilearn and NiMARE). As of January 2024, NeuroVault contained 238,319 maps distributed in 5,756 
collections, of which approximately 1,473 were associated with a published paper. The collections were linked to 
papers using the DOI field and collection description from their metadata. We also searched PubMed for articles 
that matched the collection’s title. Additionally, we conducted an extensive search using Pubget, an open-source 
Python tool for collecting data for biomedical text mining (https://neuroquery.github.io/pubget/pubget.html). 
We performed a query and retrieved papers that mentioned NeuroVault in the title, abstract, keywords, and 
body of the articles (“*neurovault*[All Fields]”).

To explore the NeuroVault database, we created an SQL query and exported the database contents to human-
readable tables while filtering sensitive user information. This provided sufficient metadata from all collections 
and images to investigate the entire database without downloading the files. The images identified as usable for 
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IBMA (see the following section on the image selection framework) were downloaded along with their metadata 
and converted to a NiMARE Dataset object to leverage existing IBMA methods implemented in NiMARE.

Cognitive Atlas
Cognitive Atlas45 (https://www.cognitiveatlas.org/) is an online repository of cumulative knowledge from 
experienced researchers from the psychology, cognitive science, and neuroscience fields. The repository currently 
offers two knowledge bases: 907 cognitive concepts and 841 tasks with definitions and properties. Cognitive 
concepts contain relationships with other concepts and tasks to establish a map between mental processes and 
brain function. It provides an API to download the database, which is also integrated into NiMARE.

NeuroVault image selection framework
Preliminary selection
Using the available metadata from the retrieved tables, we set different inclusion criteria for images to be 
considered for a meta-analysis. We focused on fMRI-BOLD images, as they are the most prevalent modality 
in NeuroVault. Note that the methods presented in this paper should work with other image modalities (e.g., 
PET, diffusion MRI, structural MRI). Still, only fMRI-BOLD had enough data in NeuroVault for meta-analyses. 
Then, we specifically chose images from group-level analyses. Additionally, we retained only images from studies 
with a sample size greater than ten subjects. Next, we selected images classified as T or Z statistics. Although 
best practices in meta-analysis suggest using meaningful units and incorporating uncertainty through standard 
errors, T/Z statistic maps are the most commonly shared images in NeuroVault49. We discuss this further in the 
following sections. Upon review, it is essential to note that many images in NeuroVault are labeled as “Other” for 
the image type. Nonetheless, most of those images actually correspond to known image types (e.g., T/Z statistic). 
As a result, we relabeled those images to their original type if keywords such as “zstat,” “tstat,” “Z_,” or “T_” were 
present in the image name, file name, or image description. Following that, we retained unthresholded images 
that cover 40% of the brain and are in MNI space. Ultimately, we narrowed our selection to images associated 
with a Cognitive Atlas task.

Heuristic selection
Even after applying the previous strict preliminary inclusion criteria, we still found plenty of wrongly annotated 
images, especially representing other image modalities and others with extreme values. Therefore, we developed 
an automatic heuristic selection to remove those spurious images from the meta-analysis. The heuristic selection 
consisted of two steps. First, we removed all images from collections that lacked a link to a publication. Also, 
images with a minimum Z value smaller than 1.96 (i.e., Z score for a 0.05 p-value) were removed as they 
potentially consisted of mislabeled correlation maps, inverted p-value maps, or did not contain statistically 
significant voxels. We also excluded images with a maximum Z score larger than 50. Although the number 50 is 
arbitrary, we wanted to detect images with an unusually large signal. For example, mislabeled BOLD or COPE 
(contrast of parameter estimates) images or others resulting from studies with a large sample size. Additionally, 
using the image metadata, we analyzed the image and file name. We removed those containing keywords such as 
“ICA,” “PCA,” “PPI,” “seed,” “functional connectivity,” “cope,” “tfce,” and “correlation,” which represent modalities 
not of interest for the meta-analysis of the current work.

Second, we aimed to detect and remove extreme images in relation to a robust average of the entire image 
population. Note that the population of images to calculate the average was considered on a domain basis, and 
not the entire sample of images from NeuroVault. After creating the robust average images (i.e., the median), we 
made a rough segmentation of ‘signal’ and ‘noise’ voxels. For signal, we defined the mask as the bottom and top 
10% of voxels (by rank order); for ‘noise,’ conversely, we selected the 20% of voxels with the smallest magnitude 
(i.e., closest to 0). Then, we performed the correlation exercise only on the ‘signal’ voxels (i.e., the correlation 
riM  between each image i and the median M, only in signal voxels). We calculated the standard deviation 
among noise voxels for each image Si and the median SM . Ultimately, the regression slope Slopei for each 
image (i) relative to the median image was determined by:

	
Slopei = riM

Si

SM

It is quite common for NeuroVault users to upload inverted contrasts and duplicates. For example, one might find 
two images representing the same contrast (such as House > Face) but with the signs reversed (i.e., Face > House). 
This creates problems for meta-analyses, as these images effectively cancel each other out when aggregated. 
Additionally, it is typical for users to upload multiple images of the same contrast, differing only by the covariate 
used in the group-level analysis. These can be considered duplicates, especially when the covariate does not 
influence the final estimate. To identify duplicates, we utilize the correlation matrix of the input samples. Image 
pairs with a correlation close to 1 are considered duplicates, while those with a correlation close to -1 are labeled 
as inverted contrasts. From the identified duplicates, we randomly selected one image from each pair. For pairs 
of inverted contrasts, we choose the image with a positive slope relative to the median image.

Finally, we removed images with extreme regression slope values relative to the population median using 
the interquartile range (IQR) method. First, we sorted the slopes in ascending order and calculated the first 
and third quartiles (Q1 and Q3). The IQR was defined as the difference between Q3 and Q1 (IQR = Q3 - Q1). 
Next, we determined the lower and upper bounds: the lower bound is calculated as Q1–1.5 * IQR, and the upper 
bound as Q3 + 1.5 * IQR. We compared each slope to these bounds, removing any images with slopes that were 
smaller than the lower bound or larger than the upper bound.
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Manual selection
The manual meta-analysis served as an initial evaluation of the IBMA with NeuroVault data, as manually 
selected samples are less likely to include spurious or non-relevant images. Our primary focus was on the task 
description outlined in the method section of the paper, as well as the specific contrast of interest. To assist in 
our selection, we examined the image metadata in NeuroVault, specifically the image, file name, and contrast 
definition fields. For instance, in the case of a domain involving working memory tasks like the n-back task, 
we reviewed the paper associated with the collections containing images from this task. Images related to the 
Cognitive Atlas task were identified using the metadata field “cognitive_paradigm_cogatlas.” We prioritized the 
section of the paper that describes the task used in the study and checked whether the contrast of interest for the 
meta-analysis (e.g., 2-back vs. baseline) was present. If the study did explore this contrast, we then examined all 
images available in the corresponding NeuroVault collection that met our preliminary and heuristic selection 
criteria. To locate the relevant images, we searched for the contrast of interest in various fields of the image 
metadata, including the Cognitive Atlas contrast (“cognitive_contrast_cogatlas”), image title, file name (under 
the “file” field in NeuroVault), and contrast definition (found in the “contrast_definition” field in NeuroVault).

Methodological consideration of IBMA using NeuroVault data
A preliminary evaluation of IBMA using NeuroVault data was performed on domains whose tasks are well 
represented in NeuroVault. We focused on working memory, motor, and emotion processing. For working 
memory, we used the working memory fMRI task paradigm and the n-back task. For the motor domain, we 
selected images linked to the motor fMRI task paradigm, the motor sequencing task, and the finger tapping task. 
Finally, for emotion processing, an emotion processing fMRI task paradigm. As the reference image for the three 
domains, we used effect size maps from the Human Connectome Project (HCP).

Stouffer’s method is the most popular approach for combining individual images in IBMA17. This method 
combines test statistics, assuming that the input values are standardized to have a mean of zero and a variance 
of one (i.e., Z scores)50. However, best practices in meta-analysis suggest using values with meaningful units, 
incorporating uncertainty through standard errors instead of relying solely on Z or T statistics3. A significant 
challenge in neuroimaging, particularly with functional fMRI derivatives data, is that researchers typically 
share only T or Z statistic maps instead of actual estimates with their associated standard errors. Moreover, 
even if estimates were provided, we often lack information about the units of measurement for these estimates. 
For instance, the FSL fMRI pipeline scales mean brain intensity to 10,00051, while the SPM pipeline targets 
a scale of 10052, which usually aligns more closely with a value around 130. To address these concerns, we 
used standardized effect size as input for meta-analyses, recently proposed by Bossier, Nichols, and Moerkerke 
(2019)53. The use of standardized effect sizes, which have no units, it facilitates aggregating results from different 
studies.

We reconstructed the standardized effect size (i.e., Cohen’s d) from the Z/T score maps using the sample size 
available in the image metadata in NeuroVault and assuming that a one-sample t-test was used. It is important to 
note that various types of analyses exist, such as two-sample analyses that compare different groups, correlations 
that assess the relationship between brain response and a covariate, and F-tests that compare two or more 
groups, among others. However, since most task-based fMRI studies utilize a one-sample t-test, this assumption 
is reasonable unless we have more specific information about each study.

By definition, the population standardized effect size for a one-sample analysis is the population mean 
divided by the population standard deviation ( d = µ /σ ). For N subjects, we can thus compute an estimate of 
standardized effect sizes from a one-sample t-test as

	
d̂ = t√

N

While the sample mean is unbiased for the population mean, the sample Cohen’s d above is not unbiased for the 
population d. A bias correction due to Hedges is

	 ĝ = h (N) d̂

where

	
h (N) = 1 − 3

4 (N − 1) − 1

In the following sections, we consider the effect estimate ykv  as the Hedges’ g estimate:

	 ykv = h (NK) d̂kv

Let ykv  be the effect estimate for contrast k at voxel v, k = 1, …, K, v = 1, …, V; denote the corresponding 
standard error be skv , and let Nk  be the sample size.

Baseline estimator
Mean  The baseline estimator used in this work is the mean, where input images are aggregated using the 
equation for each voxel:
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Robust meta-analysis methods
Meta-analysis methods can be significantly affected by extreme observations. In most cases, except for random-
effects meta-analysis, an extreme data point is treated as strong evidence of an effect and can skew the results 
towards significance. In a random-effects meta-analysis, however, an outlier can increase heterogeneity and 
ultimately reduce the significance of the findings. In this context, we proposed four robust alternative methods 
to the baseline mean. These methods are designed to tolerate a certain fraction of corrupted data while providing 
reasonable estimates of the overall effect. Although we will only define these methods for unit-based effects 
(such as Cohen’s d or Hedge’s g), they can also be applied analogously to test statistics.

Median  The first robust method, the median, is denoted for a given voxel v as ȳM
v . The median has a “break-

down point” of 50%, meaning it can remain unbiased even if up to 50% of the data is corrupted. Unlike the 
sample mean, the standard error of the median is affected by the actual distribution of the data. Therefore, the 
following result, unfortunately, relies on the assumption of normality:

	
V ar

(
ȳM

v

)
= π

2K
V ar (yv)

While concerns about outliers are valid, it is also essential to consider the variance of the data (denoted as 
V ar (yv)). In this regard, it is essential to recognize that the mean is generally more efficient than the median. 
When considering variance, the mean of K values has a variance that is 1/K times that of the original data. In 
contrast, the variance of the median is π/2, approximately 1.57 times larger. As a result, the standard deviation 
for the median is roughly 25% greater than the mean’s.

Trimmed and winsorized mean  The two other robust methods considered in this work are the Trimmed mean 
and the Winosorized mean. For these methods, we need additional notation: Let y(1)v  ≤···≤ y(k)v  ≤···≤ y(K)v  
be the K ordered effect sizes at voxel v. For either the trimmed or the winsorized mean, we make the decision to 
limit the influence of the (γ/2)100% smallest and (γ/2)100% largest observations for some γ < 0.5. In practice, 
since we always symmetrically drop data from both extremes, we only consider values γ that are multiples of 2/K. 
Denote Kγ = γK/2 as the number of observations to drop from each tail.

For the trimmed mean, we simply drop these observations and compute the mean of the remaining 
observations.

	
ȳT

v = 1
K − 2Kγ

∑ K−Kγ

k=Kγ +1
y(k)v

For Winsorization, the extreme values are replaced with their nearest neighbors.

	
ȳW

v = 1
K

(
Kγ y(Kγ +1)v +

∑ K−Kγ

k=Kγ +1
y(k)v + Kγ y(K−Kγ )v

)

Regarding the choice of γ, we want to consider removing at least two studies, one from each tail, and so γ = 
2/K. When there are many studies, there is no principled here one heuristic: If K = 20, then the minimum is γ = 
2/20 = 10%, suggesting γ = 10% in general. Fortunately, for normally distributed data, the tails are so light that 
trimmed and winsorized mean with γ = 10% or even γ = 20% have good efficiency, though, with small K, it is 
probably best to stick to the lower value of 10%.

Weighted mean: fixed effect Hedges’ g  The weighted mean through a fixed effect meta-analysis is another 
robust estimator, where studies with smaller standard errors are weighted higher in the average of the input 
data. Using the equation for a fixed effect meta-analysis, assuming V ar (ykv) = s2

kv , with the optimal weights 
wkv = s−2

kv , the fixed effect meta-analytic estimate is

	
ȳF E

v = 1
Σ kwk

Σ kwkykv

Where Bossier, Nichols, and Moerkerke (2019) defined the standard error of bias-corrected Cohen’s d, i.e. 
Hedge’s g, as

	
skv =

√√√√ (N − 1)
(

1 + Nd̂kv

)

N (N − 3) h (N)2 − d̂2
kv

Evaluating image-based meta-analyses
We assess the meta-analyses with all different combinations of parameters (i.e., image selection method and 
estimator approach) with the help of reference images from the task-fMRI group-average effect size maps 
from the HCP S1200 data release40–44. Specifically, we used the contrast of 2-back versus 0-back for working 
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memory. For the motor domain, we used the contrast representing the average of all motor movement blocks 
against the baseline in the HCP task. The contrast “Face vs. Shape” was our reference for emotion processing. 
Additional details regarding these tasks and their available contrasts can be found here40. HCP group-average 
maps were selected as reference standards for validation due to their coverage of distinct domains, scale, and data 
quality. The HCP is one of the most extensive and standardized neuroimaging datasets available, with N = 1200 
participants completing identical protocols under rigorous quality control. This dataset has been effectively used 
as a reference for numerous studies. Specifically, we examined whether IBMA can detect robust, reproducible 
task effects observed in a large, homogeneous sample like the HCP maps, despite methodological heterogeneity, 
rather than expecting identical results. High correlations indicate successful identification of core task-related 
patterns; lower correlations may reflect either limitations of the IBMA approach or genuine heterogeneity in the 
literature. The level of correspondence informs us about both the quality of available data and the effectiveness 
of different image selection and aggregation strategies.

The comparisons between our IBMA results and the reference maps focused on evaluating image similarity 
and increased estimates in specific brain regions of interest. To quantitatively evaluate the similarity of the images, 
we calculated correlation coefficients between vertex-level unthresholded meta-analytic estimate maps from the 
IBMA and the reference unthresholded group-average effect size maps from the HCP. Since the reference maps 
were defined in CIFTI format, containing all grayordinates from the subcortical structure and cortical regions, 
we transformed the meta-analytic maps from the MNI152 space to the standard MNI fsLR 32 K 2-mm mesh 
surface space of the HCP, using the mni152_to_fslr function from the Neuromaps’ transforms module54. 
For simplicity, we focused only on cortical regions for our evaluation. To assess the statistical significance of the 
spatial correlations between our IBMA results and the HCP reference maps, we performed spin permutation 
tests using 1000 rotations of the spherical projection of the HCP maps in surface space55. This approach preserves 
the spatial autocorrelation structure of the brain maps while generating a null distribution of correlation values 
under spatial independence. Subsequently, we quantitatively evaluated the increased estimated values in specific 
areas of interest across the domains. To achieve this, we focused our analysis on particular regions of interest, 
defined by selecting the top 10% of vertices for each reference map.

Step-by-Step framework for IBMA with NeuroVault
Performing image-based meta-analysis with NeuroVault data follows a systematic multi-step workflow that starts 
with data collection and moves through quality checks to final analysis. First, researchers download NeuroVault 
metadata tables and identify relevant cognitive domains using the Cognitive Atlas knowledge base. Then, they 
apply initial selection criteria to filter for fMRI-BOLD group-level statistical maps (T or Z scores) from studies 
with over ten subjects that are unthresholded, in MNI space, and have sufficient brain coverage (> 40%). Next, 
the selected images are downloaded from NeuroVault via their API, with each image assigned a unique identifier 
combining collection and image IDs. The statistical maps are then converted into a NiMARE Dataset object, 
which standardizes the data and allows converting T/Z scores to Cohen’s d effect sizes using available sample 
size information. An important quality control step follows, involving automated heuristic filtering to remove 
spurious images (those with extreme Z values outside 1.96-50 range), duplicate maps, inverted contrasts, and 
non-statistical images identified by filename keywords like “ICA,” “PCA,” or “correlation.” Finally, researchers set 
up an IBMAWorkflow in NiMARE with suitable parameters (estimator method, correction approach, diagnostic 
tools), run the meta-analysis, and produce detailed reports including corrected statistical maps, cluster tables, 
and jackknife diagnostics to evaluate how each study contributes to the overall results. For a hands-on guide to 
implementing this framework, see our interactive tutorial in Jupyter notebook, powered by MyBinder: ​h​t​t​p​s​:​​​/​​/​g​
i​t​h​u​​b​.​c​o​​m​/​n​e​u​r​​o​s​t​u​​f​​f​/​2​0​​2​​5​-​o​​h​b​m​​-​i​​b​m​a​​-​n​e​u​r​o​v​a​u​l​t.

Data availability
The imaging data for meta-analyses used in this project are publicly available for download at ​h​t​t​p​s​:​/​/​n​e​u​r​o​v​a​u​
l​t​.​o​r​g​/​​​​​.​​

Code availability
This project relied on multiple open-source Python packages, including: Jupyter56, Matplotlib57, Neuromaps54, 
NiBabel58, Nilearn59, NiMARE7,60, PyMARE61, NumPy62, Pandas63, PtitPrince (github.com/pog87/PtitPrince), 
PySurfer64, Scikit-learn65, SciPy66, Seaborn67, and SurfPlot68,. We also used the HCP software Connectome 
Workbench (wb_command version 1.5.069. All code required to reproduce the analyses and figures in this pa-
per is available on GitHub at https://github.com/NBCLab/large-scale-ibma. All data and resources that resulted 
from this paper (e.g., connectivity gradients and trained meta-analytic decoders) are openly disseminated 
and made available on the Open Science Framework (OSF) at https://osf.io/w7zcp/, including the links to the 
GitHub repository and figures.
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