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1.  INTRODUCTION

1.1.  Background

Functional neuroimaging infers brain activity by monitor-
ing fluctuations in cerebral blood flow, oxygen consump-
tion, or metabolic processes. These techniques include, 
for example, positron emission tomography (PET) and 
functional MRI (fMRI). The field of fMRI, in particular, has 
experienced significant improvements, with substantial 
growth in the literature on brain activations and an 
increasingly common practice of sharing findings pub-
licly. For example, BrainMap (Laird et al., 2005) and Neu-
rosynth (Yarkoni et al., 2011) are large-scale neuroimaging 
databases containing brain activation data from 22, 504 

and 14, 371 studies, respectively. These developments 
motivate the need to aggregate and synthesise findings 
from multiple independent but related fMRI studies to 
understand consistency and heterogeneity, and improve 
the precision of inferences about brain activations asso-
ciated with cognitive tasks. Analysing activations from a 
single fMRI study is often unreliable and lacks sufficient 
statistical power due to common limitations, such as 
small sample sizes, high prevalence of false positives 
(e.g., Wager et al. (2007) found approximately 10 − 20% 
of reported foci in publications are false positives), signif-
icant heterogeneity among studies, and unreliable infer-
ence caused by variability in measurements and analysis 
methods (Samartsidis et  al., 2017). Meta-analysis is an 
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essential tool for addressing these limitations, improving 
statistical power by pooling evidence from multiple stud-
ies to produce more consistent and reliable findings. 
While this work focuses exclusively on task fMRI data, 
this approach could potentially extend to other types of 
neuroimaging data, such as resting-state fMRI and struc-
tural analyses using voxel-based morphometry.

Meta-analyses in neuroimaging research can be either 
imaged based or coordinate based. Image-based meta-
analysis (IBMA) utilises 3D statistical maps from original 
studies, while coordinate-based meta-analysis (CBMA) 
only includes reported spatial locations of activation foci 
in standard MNI or Talairach space. IBMA is considered 
the ideal approach, as full statistical maps preserve both 
the locations and intensities of activation regions. In con-
trast, CBMA experiences substantial information loss, as 
it only reports the locations of activation foci (local max-
ima), typically fewer than 10 foci per study, and often 
ignores deactivations (Salimi-Khorshidi et  al., 2009). 
Despite these limitations, CBMA has historically remained 
the predominant method, largely due to the challenges of 
storing and sharing full statistical maps, as highlighted by 
a recent survey of software and methods used in fMRI 
meta-analyses published between 2019 and 2024 
(Yeung, 2025). However, the practice of sharing entire 
statistical maps has become increasingly common in 
recent years, and the development of software and plat-
forms (e.g., NiMARE; Salo et al., 2022) provides a modu-
lar and unified interface that facilitates the adoption of 
more comprehensive meta-analytic approaches.

Within CBMA methods, researchers have developed 
various kernel-based or coordinate-based approaches. 
The key distinction between these approaches lies in 
whether they use spatial kernel functions to model acti-
vation patterns around each reported focus or statisti-
cal models to estimate underlying brain functions. For 
instance, activation likelihood estimation (ALE; Eickhoff 
et al., 2012) uses a Gaussian kernel, multilevel kernel 
density analysis (MKDA; Wager et al., 2007) employs a 
uniform sphere, and signed differential mapping (SDM; 
Radua et al., 2012) applies a Gaussian kernel scaled by 
effect size. These kernel-based methods derive statis-
tical inferences by referencing a null hypothesis of ran-
dom foci arrangement (Samartsidis et  al., 2017). The 
Benjamini–Hochberg (BH) procedure is commonly 
applied to control the family-wise error rate (FWE) or 
the false discovery rate (FDR) in multiple testing cor-
rected inferences (Benjamini & Hochberg, 1995). How-
ever, kernel-based CBMA approaches have been 
criticised for several limitations, including lack of inter-
pretability, difficulty in group comparisons among 
imbalanced groups, inability to model the spatial 
dependence of activation foci, and challenges in incor-

porating study-level covariates for meta-regression 
(Samartsidis et al., 2019).

Bayesian model-based methods have addressed 
these limitations by introducing either parametric spatial 
point process models (Kang et al., 2011; Montagna et al., 
2018; Samartsidis et al., 2019) or non-parametric Bayes-
ian models (Kang et  al., 2014; Yue et  al., 2012). These 
approaches are based on explicit generative models with 
testable assumptions. While Bayesian model-based 
methods are generally more accurate and interpretable 
than kernel-based approaches, they are also more com-
putationally intensive, often requiring parallel computa-
tion on GPUs (Samartsidis et al., 2019). Moreover, some 
of these methods are unable to perform meta-regression 
to estimate the effect of study-level covariates, limiting 
their ability to evaluate how these covariates globally 
influence spatial activation intensity functions specific to 
each study.

A comparative summary of the advantages and disad-
vantages of IBMA and CBMA methods is provided in 
Table 1. To address the limitations of both kernel-based 
and Bayesian model-based approaches, we propose a 
classical frequentist meta-regression framework that 
explicitly captures the spatial structure of the activation 
foci distribution (Yu et al., 2024). This model is formulated 
as a generalised linear model (GLM) and consists of two 
key components: a spatial effect, which incorporates a 
spline parameterisation to generate a smooth response 
across the entire brain image; and a global effect to 
account for study-level covariates specific to each study. 
Four different stochastic models within the GLM frame-
work have been considered: While Poisson is the classic 
distribution for approximating foci distribution (as a low-
rate Binomial distribution) at the voxel level, Samartsidis 
et  al. (2020) have found evidence of over-dispersion in 
CBMA data. To address this, we further explore a Nega-
tive Binomial model, a Clustered Negative model, and a 
Quasi-Poisson model to account for the excess variation 
in foci data. However, there are practical challenges in the 
implementation and optimisation of this meta-regression 
approach for real fMRI datasets. With fewer than 10 
reported foci per study on average, the values of spatial 
regressors become highly negative during optimisation. 
This leads to difficulties in convergence and poses chal-
lenges for statistical inference, particularly when estimat-
ing the covariance structure between different voxels. In 
this work, we demonstrate that applying a roughness pen-
alty to the spatial spline parameterisation improves the 
numerical stability of the meta-regression and enhances 
the precision of statistical inference. This modification also 
enables the estimation of group-wise intensity functions 
for multiple groups, and facilitates group comparisons for 
spatial activation intensity. By introducing this penalty, we 
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overcome the strict limitation imposed by the minimum 
number of foci per group for meta-regression, making 
comparisons across multiple groups possible.

A key limitation of our previous meta-regression 
framework is its restriction to a single group of studies, 
although this approach is consistent with the neuroimag-
ing meta-analysis literature that often aggregates hetero-
geneous studies into a single group (Eickhoff et al., 2009; 
Salo et al., 2022). In practice, however, investigators are 
often interested in comparing distinct collections of stud-
ies rather than collapsing them into one group. Typical 
scenarios include (1) contrasting study collections of dif-
ferent patient populations versus those of healthy con-
trols to separate disease-related from normative 
activation patterns (Caspersen et al., 2021); (2) compar-
ing sets of studies using different task variants (e.g., 
1-back-vs-0-back vs. 2-back-vs-0-back working-
memory studies) to test whether increasing cognitive 
load systematically modulates canonical networks (Emch 
et  al., 2019; Owen et  al., 2005); (3) contrasting studies 
with different stimulus modalities (visual vs. auditory lan-
guage tasks) to localise modality-specific activation pat-
terns (Price, 2012); (4) comparing collections of studies 
using different pain paradigms (e.g., thermal vs. mechan-
ical pain) to identify overlapping and distinct neural cir-
cuits in modality-dependent pain processing (Lancaster 
et al., 2012; Wiech, 2016); and (5) multi-dataset analyses 

where site, scanner, or acquisition acts as a grouping fac-
tor. Single-group CBMA methods cannot estimate group-
specific activation maps or statistically test group 
differences in activation probability (Biswal et al., 2010). A 
multi-group CBMR framework addresses these limita-
tions by jointly estimating group-level activation maps, 
and enabling direct group contrasts, while stabilising 
group-specific estimation with our spatial basis approach 
and allowing parsimonious modelling of global study-
specific effects (e.g., sample size, publication year).

A further limitation of our previous meta-regression 
framework was that the covariance structure of spatial 
intensity across different voxel locations, estimated from 
the inverse Fisher information, could encounter numeri-
cal issues in small datasets, leading to underestimation 
of covariance. To address this, we replaced the paramet-
ric inference based on the Wald test with parametric and 
non-parametric bootstrapping approaches, allowing for 
tests of spatial homogeneity within each group and group 
equality in multi-group datasets. Additionally, we explored 
parallelising code execution to accelerate the bootstrap-
ping process, making it a computationally feasible alter-
native to the traditional parametric Wald test. We then 
demonstrate the validity of bootstrap-based statistical 
inference on both simulated and real datasets, compar-
ing its activation maps with that of traditional kernel-
based methods.

Table 1.  Comparison of the strengths and weaknesses of existing IBMA and CBMA methods relative to the proposed 
CBMR approach.

METHOD Strength Weakness

IBMA (Image-based  
meta-analysis)

• �Uses full 3D statistical maps (loca-
tions + intensities)

• �Preserves full spatial information, includ-
ing deactivations

• Enables statistical modelling
• Less bias from reporting practices

• �Requires access to full unthresholded 
statistical maps (not widely shared)

• Data storage and sharing burden
• �Limited by inconsistent preprocess-

ing across studies

CBMA (Kernel-Based:ALE,  
MKDA, SDM)

• Widely used and historically dominant
• �Requires only reported peak coordinates 

(easy to extract)
• Computationally efficient
• Simple to implement and interpret

• Severe information loss
• �Kernel choice is arbitrary and may 

bias results
• �Limited ability for unbalanced group 

comparisons
• Ignore spatial dependence

CBMA (Model-based:  
Parametric spatial point process/
non-parametric Bayesian models)

• Explicit generative statistical framework
• Improved interpretability
• Capture spatial dependence of foci
• Greater accuracy
• �Flexible Bayesian framework allows un-

certainty quantification

• �High computational demand (often 
requires parallel or GPU resources)

• �Slower inference compared with 
kernel-based CBMA

• �Challenging to scale to thousands of 
studies

CBMR (Coordinate-based  
meta-regression)

• �Explicit spatial statistical model with basis 
functions

• Incorporates study-level covariates
• Allows (imbalanced) group comparisons
• �Improves interpretability and inference 

validity

• �Computationally more intensive than 
kernel-based CBMA

• �Requires bootstrapping inference  
for dataset with insufficient number 
of foci
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In this paper, we present a coordinate-based meta 
regression and inference (CBMR) framework for multiple 
groups, a Python-based tool that allows for the estima-
tion of both group-specific spatial regressors and regres-
sors for study-level covariates, as well as statistical 
inference for spatial homogeneity and equality of group-
specific intensity functions. The CBMR tool is integrated 
into the Python package NiMARE (Salo et al., 2022), and 
will be accessible through a web-based platform, Neu-
rosynth Compose. This platform allows customised neu-
roimaging meta-analyses using either self-uploaded data 
or data imported directly from the Neurosynth database, 
providing a wide range of CBMA methods with no pro-
gramming experience required. Our current implementa-
tion of the CBMR framework consists of meta-regression 
and meta-inference modules. The meta-regression mod-
ule can be executed independently to estimate group-
specific intensity functions, while the meta-inference 
module uses the optimised regressors from the meta-
regression module as input and supports flexible (single 
or multiple, independent or simultaneous) hypothesis 
testing on either spatial homogeneity or group equality, 
which can be easily specified with a contrast matrix.

In the following sections, we first provide background 
on spline parameterisation for modelling spatial depen-
dence, as well as the stochastic models, parameter esti-
mation, and inferences in CBMR. Following this, we give 
preliminary statistical information describing the single-
group CBMR and its extension to multi-group settings. In 
the Method section, we outline the computational pipe-
line of CBMR, starting with input specification and dimen-
sion reduction, followed by parallelised execution of 
optimisation, parameter estimation and finally, inference 
using either the parametric Wald test or a bootstrapping 
approach. Next, we evaluate the validity and performance 
of CBMR through simulations and comparisons with 
existing kernel-based and model-based approach on real 
datasets. Finally, we conclude with a real dataset exam-
ple of cue-reactivity task.

1.1.1.  Spatial model: Spline parameterisation

Gaussian and uniform kernels are commonly used in 
kernel-based CBMA methods to model the spatial distri-
bution of reported foci, smoothing, and estimating the 
probability of activation around each focus to capture 
spatial uncertainty in neuroimaging data effectively. In 
contrast, model-based CBMA methods have previously 
treated each study’s foci as realisations of a doubly-
stochastic Poisson process, also known as a Cox pro-
cess, in spatial point process modelling of CBMA data. In 
some of these model-based approaches, the log inten-
sity function is parametrised either by superimposed 

Gaussian kernel basis functions or as a Gaussian pro-
cess (Montagna et  al., 2018; Samartsidis et  al., 2019). 
These previous studies highlight the importance of apply-
ing spatial models to explain spatial uncertainty in neuro-
imaging data.

Here, we propose a spatial model parametrised by a 
tensor product of cubic B-spline basis functions. This 
spatial basis is chosen for its smoothness, stability, and 
flexibility, as the level of spatial smoothness is parame-
trised by knots spacing: larger knots spacing generates 
fewer basis functions and thus greater smoothness, while 
closer knots produce more basis functions and enhance 
the model’s ability to capture fine details. After setting the 
knot spacing uniformly across the x , y, and z directions, 
we construct a B-spline curve as a linear combination of 
the B-spline basis functions in each direction. We then 
evaluate the coefficients at each voxel corresponding to 
the B-spline bases to construct a coefficient matrix for 
each direction. The three-dimensional coefficient matrix 
of B-spline bases is then constructed by taking the ten-
sor product of the three coefficient matrices along each 
of the x, y, z directions, further details are outlined in Yu 
et al. (2024).

We assert that the spatial model parametrised by 
spline bases is capable of efficiently capturing spatial 
uncertainty. This is supported by both its demonstrated 
effectiveness in previous experiments within single-group 
CBMR settings and comparison with alternative spatial 
models, such as Gaussian kernels. Minimal differences 
were observed between these two spatial models in both 
simulated and real datasets, as detailed in Yu et al. (2024). 
Accordingly, we believe it is reasonable to adopt this spa-
tial model in the current work.

1.1.2.  CBMR parameter estimation

A vast amount of literature exists on the development of 
tools and methodologies for generalised linear models 
(GLM). Since the formalisation of GLMs in 1972 (Nelder & 
Wedderburn, 1972), iterative re-weighted least squares 
(IRLS) have been recognised as a reliable and efficient 
computational approach for parameter estimation, effec-
tively addressing the complexity introduced by the non-
linear relationships. IRLS became the standard method 
for parameter estimation in GLMs. Later, the Newton–
Raphson method and its variation, Fisher scoring, were 
proposed and widely adopted due to their faster conver-
gence and improved efficiency and numerical stability, 
particularly on highly non-linear optimisation surfaces 
(Jennrich & Sampson, 1976). Since the 1990s, regular-
ised estimation methods that add a penalty term (e.g., 
Lasso, Ridge, and Elastic Net) to the likelihood function 
have also been developed, encouraging sparsity and 
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stability in parameter estimation (Hoerl & Kennard, 1970; 
Tibshirani, 1996; Zou & Hastie, 2005). More recently, sev-
eral tools and software built upon these foundational 
methods have been developed for GLMs parameter esti-
mation. Among the most popular are R packages such as 
glmnet (Friedman et al., 2010), MASS (Venables & Ripley, 
2002), and lme4 (Bates, 2014), as well as Python pack-
ages statsmodels (Seabold & Perktold, 2010), which have 
made GLM parameter estimation accessible and scal-
able, supporting MLE, IRLS, and Bayesian methods. 
These tools, along with advancements in computing, 
enable efficient parameter estimation for GLMs, even 
with large datasets and complex models.

However, in meta-regression of fMRI data, parameter 
estimation is performed for a model with two compo-
nents: the spatial effect which includes hundreds of thou-
sands of different voxels within the brain mask for each 
study, and the global effect of study-level covariates 
which moderates the intensity function of a specific study 
by a constant. For a large scale, voxel-wise GLM analysis 
to fully optimise the computational efficiency, it is essen-
tial to vectorise computation across voxels. Many exist-
ing GLM tools and software are developed with operations 
that are not fully vectorised, especially when dealing with 
complex or large-scale data structures. Handling high-
dimensional data across iterative computations without 
careful memory management can limit vectorisation, and 
GLMs applied to sparse or irregular data further compli-
cate vectorisation due to the challenges brought by 
sparse matrices. While for likelihood functions with regu-
larisation terms (e.g., Lasso, Ridge, Elastic Net), addi-
tional iterative processes such as coordinate descent are 
required (Friedman et al., 2010), making it even more dif-
ficult to fully vectorise and parallelise these computa-
tions. Operations that are not amenable to vectorisation 
create bottlenecks in large-scale GLM optimisation, as 
they must be executed separately for each voxel in each 
study, significantly slowing down computation. As a 
result, many existing software for GLMs analysis is not 
suitable for large-scale or complex CBMA data.

Additionally, we believe that efforts should focus on 
reducing the dimensionality of the variables rather than 
the combined product of the number of studies and vox-
els used as dimensions. We provide rigorous proofs 
demonstrating that the GLM with various stochastic mod-
els can be simplified to equivalent forms with sufficient 
statistics, with dimensions no greater than either the num-
ber of voxels or the number of studies (Yu et al., 2024). We 
will continue to follow this approach in the current work.

As an efficient and fundamental approach for parame-
ter estimation in GLMs, Maximum Likelihood Estimation 
(MLE) is widely used to optimise the model by maximis-
ing the probability of the observed data given a set of 

parameters, under the assumptions of the GLM. One 
effective optimisation algorithm for this task is the 
Limited-memory Broyden–Fletcher–Goldfarb–Shanno 
(L-BFGS), a quasi-Newton method known for its memory 
and computational efficiency in handling high-dimensional 
data and parameters, as it approximates the Hessian 
matrix rather than computing it explicitly. L-BFGS is also 
chosen for its faster convergence compared with simpler 
gradient descent methods, especially in scenarios with 
complex or irregular likelihood curvatures (Liu & Nocedal, 
1989). We have observed its effectiveness in optimising 
single-group CBMR scenarios (Yu et al., 2024), and we 
will extend it to the current work, a more complex multi-
group CBMR setting.

1.1.3.  Inference

For CBMA, the central object of interest is to identify the 
brain activation regions associated with a specific cogni-
tive task, or to find differences in activation regions in 
response to similar but distinct stimuli. This requires fMRI 
GLM analyses to conclude with significance-based 
hypothesis tests, conducting either homogeneity tests or 
group comparison tests at the voxel-wise level using 
Wald test statistics. The Wald-based hypothesis testing 
procedures in the neuroimaging applications include 
tests on both single and multiple parameters. The single-
parameter test assesses whether the estimated intensity 
at each voxel is greater than the average intensity 
expected under a random distribution of foci, while the 
multiple-parameter test evaluates whether a specific lin-
ear combination of group-wise estimated intensities is 
distinguishable from zero at each voxel. In some circum-
stances, it may also be of practical interest to assess 
multiple flexible group comparison hypotheses simulta-
neously. As the effect of study-level covariates is an addi-
tional component of CBMR, single- or multiple-parameter 
hypothesis testing is also applicable to these covariates. 
This allows for assessment of whether a specific study-
level covariate has a significant effect or whether multiple 
study-level covariates have equivalent effects in CBMR, 
following the same Wald test procedure.

In existing GLM tools and software, Wald tests are 
commonly implemented to assess the significance of 
individual coefficients or groups of coefficients, typically 
for testing whether they are significantly different from 
zero. However, they are not generally implemented for 
more flexible group comparisons, such as testing if two 
or more groups of coefficients are equivalent, for exam-
ple, the summary.glm function in R packages stats and 
Python package statsmodel do not support such com-
parisons. Additionally, most popular GLM tools do not sup-
port the rigorous voxelwise hypothesis testing of spatial  
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intensity (or log-transformed intensity), which is a critical 
focus in CBMA application.

When a GLM involves multiple hypotheses, such as 
testing estimated group-specific intensity against homo-
geneity or comparing groups voxel-by-voxel, multiple 
testing corrections are applied to control for false posi-
tives. Without correction, the probability of encountering 
at least one false positive increases with the number of 
tests. For example, in localised tests across 228, 483 vox-
els (within a MNI152 2 mm brain mask), even a 5% false 
positive rate could result in a substantial number of false 
positives. In neuroimaging data, multiple testing correc-
tions are applied by controlling either the family-wise error 
rate (FWER), using the null maximum distribution (Westfall 
& Young, 1993), or the false discovery rate (FDR) using the 
Benjamini–Hochberg procedure (Benjamini & Hochberg, 
1995). FWER correction is a more stringent approach, as 
it minimises the chance of any false positives across the 
entire set of hypothesis tests. However, it often reduces 
statistical power and leads to fewer significant results, for 
instance, Bonferroni corrections can be overly conserva-
tive and may excessively penalise neuroimaging datasets. 
In contrast, FDR correction is more powerful in large-scale 
testing scenarios, where hundreds of thousands of tests 
are conducted simultaneously, FDR correction improves 
statistical power and allows for more significant findings 
while still controlling the overall rate of false discoveries 
among detected results.

In our previous work on single-group CBMR, both sin-
gle- and multiple-hypothesis testing of estimated spatial 
intensity involve the standard error of the estimated inten-
sity or log-transformed estimated intensity. This is derived 
from the standard error of spatial regression coefficients 
using the inverse of the Fisher Information matrix, with 
additional transformations such as the delta method 
applied. However, in practice, we observed numerical sin-
gularity in the Fisher Information matrix, particularly for 
smaller datasets where the total number of foci is below 
200 (Yu et al., 2024). This motivates us to explore paramet-
ric bootstrapping as an alternative to parametric inference 
based on the Fisher Information matrix. By obtaining p-
values from the tail of the null bootstrap distribution, we 
avoid the numerical instability caused by extremely small 
estimated intensity values close to zero. Although this 
approach increases computational complexity by requiring 
thousands of bootstrap samples, it provides a more numer-
ical stable solution, See Section 2.1.4 for more details.

1.2.  Preliminaries

In this section, we provide a brief overview and descrip-
tion of the multi-group CBMR. To simplify notation, we 

begin with the definition of the single-group CBMR in 
Section 1.2.1. Following this, we explain how the defini-
tion and notation from Section 1.2.1 are extended to the 
multi-group CBMR setting in Section 1.2.2.

1.2.1.  The single-group CBMR

In the simplest single-group settings, a CBMR with M 
studies (each containing N voxels) is assumed to take the 
following form:

	 log µ i( ) = log E Yi( )⎡⎣ ⎤⎦ = Xβ i + Ziγ( )1N, 	 (1)

where Yij is the voxel-wise count of foci at voxel j for 
study i (either 0 or 1 in practice), and N−vector 
Yi = Yi1,Yi2,!,YiN

⎡⎣ ⎤⎦
⊤
 represents CBMA data for study i. 

The spatial design matrix X N × P( ) is generated with 
spline parameterisation with P cubic B-spline bases as 
detailed in Section 1.1.1 (see also Yu et al., 2024), and a 
study-level covariates matrix Z M × R( ) is created with R  
study-level covariates from M studies followed by stan-
dardisation as pre-processing procedure. The estimated 
intensity is µ ij for studies i = 1,!,M and voxels j = 1,!,N, 
written as the N−vector µ i = µ i1,µ i2,!,µ iN

⎡⎣ ⎤⎦
⊤
 for study i. 

This model is identifiable as long as each covariate vari-
able has a mean of zero, allowing X to capture the overall 
mean. The GLM for all voxels in all M studies is then

	 log E Y( )⎡⎣ ⎤⎦ = 1M ⊗ X( )β + Z ⊗1N( )γ, 	 (2)

where Y = Y1,Y2,!,YM
⎡⎣ ⎤⎦

⊤
 is an (M×N)−vector, containing 

voxel-wise foci count for all M studies, and ⊗ denotes 
the Kronecker product. Given that our GLM has millions 
of rows MN( ) and the spatial design matrix has billions of 
entries MN × P( ), we proposed a simplified reformulation 
of this GLM to reduce complexity and memory require-
ment. A comprehensive discussion of this reformulation, 
along with a more detailed introduction to the four sto-
chastic models and the notations used in this section, is 
provided in our previous work (Yu et al., 2024).

1.2.2.  The multi-group CBMR

In the multi-group CBMR setting, a dataset is catego-
rised into multiple groups, we fit group-wise activation 
intensity functions and generate group-specific statistical 
maps. Adapting the notation of the previous section, this 
can be represented as

	
log µ

g i( )( ) = log E Yi( )⎡⎣ ⎤⎦ = Xβ
g i( ) + Ziγ( )1N, 	 (3)

where the subscript g( i ) represents the group that 
includes study i. In Equation 3, the spatial design matrix, 
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parametrised by spline bases with pre-defined knot 
spacing, remains fixed across all groups, and the regres-
sion coefficient for study-level covariates β g( i ) is specific 
to each group. By default, study-level covariates (γ ) are 
modelled as shared among all groups. However, group-
specific covariate effects can also be accommodated in 
two ways:

	 1.	� The meta-regression model can be fit separately 
within each group, yielding independent estimates 
of γ .

	 2.	� Group-specific covariates can be encoded directly 
in the design matrix by creating separate columns 
for each group (with entries set to 0’s for studies 
belonging to other groups).

This formulation allows users to flexibility combine 
shared and group-specific effects within a single model, 
depending on the research question. By incorporating 
group-specific spatial effects while retaining shared 
global study-level covariates, Equation 3 generalises the 
conventional form of the single-group CBMR model to 
the multi-group CBMR framework.

Given a total of M studies divided into G groups, we 
reorder the study indices according to their respective 
groups and assume that group g contains Mg studies 

(M = Mg
i=1

G

∑ ). The GLM for all voxels across all Mg studies 

for group g can be represented as

	
log E Yg( )⎡

⎣⎢
⎤
⎦⎥ = 1Mg

⊗ X( )β g + Zg ⊗1N( )γ, 	 (4)

where Yg = Y1,Y2,!,YMg

⎡
⎣⎢

⎤
⎦⎥
⊤

 and Zg = Z1,Z2,!,ZMg

⎡
⎣⎢

⎤
⎦⎥
⊤

 
represent the voxel-wise foci counts and study-level 
covariates for all Mg studies within group g. Accordingly, 
the GLM for all voxels across the M studies is formulated 
by vertically concatenating Equation 4 for each group. To 
address the substantial memory and computational 
demands, a similar reformulation procedure is applied to 
the multi-group CBMR.

2.  METHODS

This section outlines the computational pipeline employed 
by CBMR to conduct multi-group meta-regression and 
meta-inference on CBMA data, as well as the simulations 
and real-data examples, with results presented in Sec-
tion 3. To begin, Section 2.1 provides a detailed overview 
of the stages involved in the CBMR computational pipe-
line. Next, Section 2.2 describes the simulations designed 
to evaluate the accuracy and performance of CBMR. 
Finally, Section  2.3 presents a real-world application 

using the Cue Reactivity dataset, demonstrating the 
practical implementation of CBMR.

2.1.  The CBMR pipeline

Figure 1 presents a visual overview of the CBMR pipeline 
as an activity diagram. The pipeline is divided into four 
stages: meta-regression, parameter estimation, and 
inference and output. Each stage is described in detail in 
Sections  2.1.1 through 2.1.4. The implementation of 
CBMR algorithm in the Python package NiMare adheres 
to these same four stages, as illustrated in Figure 1 (Salo 
et al., 2022).

2.1.1.  Input specification

Figure  2 illustrates the preprocessing steps required to 
generate all the necessary input variables for the CBMR 
pipeline. The preprocessing begins by applying a brain 
mask to exclude all voxels outside the brain. The default 
brain mask is the MNI152 2  mm template in the code 
implementation of CBMR. The voxel space has dimen-
sions of 91×109× 91 in the x, y, and z directions, result-
ing in a total of 902, 629 voxels. However, most of these 
voxels fall outside of the brain mask. Applying the brain 
mask is, therefore, a crucial step to eliminate redundant 
voxels and avoid unnecessary computations involving 
non-brain regions in subsequent processing steps. Next, 
we select equally spaced knots (with a default spacing of 
10mm) to construct cubic B-spline bases along the x, y,  
and z directions, assuming the numbers of B-spline 
bases are nx, ny , and nz, respectively. The coefficients of 
these basis functions over vx, vy , and v z voxels yield 
design matrices with shape nx × v x, ny × v y, and nz × v z 
for each dimension. These dimension-specific design 
matrices are then combined using the tensor product to 
construct a comprehensive design matrix for further anal-
ysis. For more details on the spatial model parametrised 
by spline bases, refer to Section 1.1.1 and Yu et al. (2024).

In fMRI publications, activation foci are typically 
reported as their x, y, and z coordinates. A CBMA data-
set often contains hundreds or thousands of such foci 
from numerous studies. It is common and straightfor-
ward to compute voxel-wise foci count across the entire 
brain for each study. Building on the previous single-
group CBMR model, our current objective is to investi
gate group-specific activation intensity functions and 
perform subsequent CBMR inference analyses. To achieve 
this, we define multiple groups with clear selection crite-
ria, categorise all studies into these groups, and store 
voxel-wise foci counts separately for each group to sup-
port the analysis. The importance of simplified model 
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factorisation has been highlighted in our previous work, 
aiming to reduce dimensionality and alleviate computa-
tional complexity (Yu et al., 2024). Specifically, we adopt 
the following three approaches for different stochastic 
models:

•	Poisson model: The total voxel-wise foci counts 
across all studies are assumed to follow a Poisson 
distribution with the mean equal to the sum of the 
estimated mean from each study. This leverages 
the additive property of the Poisson process for 
computational simplicity and interpretability.

•	NB model: By matching the first and second 
moments (mean and variance), we approximate the 
likelihood function under the assumption that the 
convoluted voxel-wise foci counts follow a Nega-
tive Binomial (NB) distribution.

•	Clustered NB model: The total log-likelihood 
function is computed by combining the study-wise 
log-likelihoods, accounting for intra-study covari-
ance structures introduced by the Clustered NB 
distribution.

In this work, we adopt the same convention of applying 
the above model factorisation methods to simplify the log-
likelihood functions. However, unlike previous approaches, 
we first categorise all studies into multiple groups and then 
apply these factorisation methods at the group level. Fol-
lowing group-level model factorisation, the sufficient sta-
tistics are reduced to dimensions no greater than either 
the number of studies within each group or the number of 
voxels within the brain mask, as detailed below,

•	Let Ygj = Yij
i=1

Mg

∑  be the sum of foci counts at voxel j  

across all Mg
 studies within the group g, and the 

N−vector Yg = [Yg1, Yg2…YgN]⊤;

•	Let Yti = Yij
j=1

N

∑  be the sum of foci counts for  

study i across all voxels, and the M-vector 

Yt = Yt1,Yt2,!,YtM
⎡⎣ ⎤⎦;

•	Let N-vector µ g
X = exp Xβ g( ) be the vector of local-

ised spatial effects of studies in group g;
•	Let M-vector µ Z = exp Zγ( ) be the vector of global 

study-level covariate effects of studies.

Fig. 1.  The activity diagram of the CBMR pipeline. The pipeline begins and ends with nodes represented by a dark 
purple circle and nested dark purple and light purple circles, respectively. Decision nodes are depicted as diamonds, 
where decisions are made based on whether the number of foci exceeds a specified threshold, while computational 
stages are represented by vertical bars. Panels separated by these vertical bars correspond to distinct stages within 
the CBMR pipeline. The entire pipeline is divided into four main stages: input specification, meta-regression, parameter 
estimation, and meta-inference and output.
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In the CBMR pipeline that incorporates the effects of 
study-level covariates, an additional input variable, Zg (with 
dimension M × R), is introduced. This variable is constructed 
by extracting R study-level covariates from M studies. 
Common examples of study-level covariates include sam-
ple size, year of publication, and participant age. It is import-
ant to standardise the study-level covariates to have a mean 
of 0 and a standard error of 1 during preprocessing. This 
standardisation ensures that X captures the overall mean, 
enabling more straightforward and comparable analyses of 
spatial intensity functions in subsequent steps.

Another potential input variable introduced during 
CBMR preprocessing is the roughness penalty matrix J 
(with dimensions P × P) of spline bases. During optimisa-
tion using L-BFGS, we observed challenges with datasets 
that have insufficient foci counts, where some elements of 
the group-wise spatial regression coefficients βg are driven 
to highly negative values. This results in an overly flexible 
and detailed representation of the foci distribution. While 
such flexibility can model complex patterns, it often leads 
to overfitting, unnecessarily intricate functions, and 
causes numerical instability. To address these issues, we 
incorporate a roughness penalty that penalises overly 
flexible spatial functions (combinations of spline bases) 

by discouraging overly complex or “rough” spatial func-
tions. This ensures smoother and more stable solutions. 
Details on constructing the roughness penalty matrix J 
are provided in Supplementary Appendix A.1.

2.1.2.  Meta-regression

Following the preprocessing of CBMR input variables, the 
next step is to evaluate different stochastic models to iden-
tify the most accurate but parsimonious fit. We will present 
the statistical formulations, as well as advantages and 
drawbacks of all the stochastic models proposed in our 
previous work, except for the Quasi-Poisson model. The 
exclusion of the Quasi-Poisson model is due to its charac-
teristics as a Quasi-likelihood-based model that requires 
optimisation using the IRLS algorithm. This approach com-
plicates the implementation of optimisation process, as it 
does not support the use of L-BFGS algorithm for maximis-
ing likelihood functions. Furthermore, as demonstrated in 
our previous work, the Quasi-Poisson model is similar to the 
NB model in explainability of excess variation in foci count 
data but exhibits inferior performance (Yu et al., 2024).

The Poisson model is the simplest stochastic model 
option in the CBMR pipeline, both in terms of statistical 

Fig. 2.  Preprocessing pipeline for multi-group meta-analytic datasets applied before fitting coordinate-based meta-
regression (CBMR) framework. Panels A, B, and C are applicable to all datasets and used to generate the spatial design 
matrix X, total foci count per voxel Yg N ×1( ) for group g, and total foci count per study Yt M ×1( ). Panel D is required only 
when considering the effects of study-level covariates, in which case the covariates matrix Z M × R( ) is included. Panel E 
is recommended for datasets with insufficient foci counts, as it discourages overly complex spatial functions and improves 
numerical stability.
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formulation and computational complexity. In practice, 
the count of foci Yij (for study i = 1,!,M and voxel 
j = 1,!,N) is always 0 or 1, which strictly indicates a Bino-
mial model. Therefore, we adopt the Poisson model, 
inspired by its previous success with Poisson point pro-
cess and the accuracy of Poisson approximations for 
low-rate binomial data. One appealing property of the 
Poisson process is that the sum of multiple Poisson ran-
dom variables is also Poisson. This allows for practical 
flexibility: it is equivalent to model either the set of Mg 
study-level counts or the summed counts at each voxel for 
each group g. Following the model structure outlined in 
Equation 3, the intensity for voxel j in study i for group g is

	

E Y
g i( ) j

⎡
⎣

⎤
⎦ = µ

g i( ) j = µ
g i( ) j
X ⋅µ i

Z

log µ
g i( ) j

⎡
⎣

⎤
⎦ = η

g i( ) j = x j
⊤β

g i( ) + Ziγ, 	

(5)

where study i belongs to group g( i ), Y
g i( ) j ∼ Poisson µ

g i( ) j( ),  
x j
⊤ is the j th row of spatial design matrix X N × P( ), and 

β g( i ) is spatial regression coefficients of group g( i ). Under 
the assumption of independence of counts across stud-
ies, the total likelihood function is exactly same if we 
model the voxel-wise total foci count over studies for 
each group instead, and the likelihood to be optimised is

	

l θ( ) = l β1,!,βG,γ( ) =
g=1

G

∑l β g,γ( )
=

g=1

G

∑ 
j=1

N

∑ Ygj  log µ gj( ) − µ gj − log Ygj !( )⎡
⎣⎢

⎤
⎦⎥

=
g=1

G

∑Yg
⊤log µ g

X( )+Yt
⊤log µ Z( ) −

g=1

G

∑ 1⊤µ g
X⎡

⎣
⎤
⎦ 1⊤µ g

Z⎡
⎣

⎤
⎦. 	

(6)

For more detailed derivations, refer to Supplementary 
Appendix A.2.1.

While Poisson model is widely used for the regres-
sion of count data, foci counts often exhibit over-
dispersion in practice, where the variance of the 
response variable substantially exceeds the mean. In 
such case, imposing a Poisson model may underesti-
mate the standard error and lead to biased estimates of 
the regression coefficients. To address this, we propose 
modelling the count data at each voxel as independently 
following a group-specific Negative Binomial (NB) distri-
bution, which accounts for excess variance relative the 
Poisson model (Lawless, 1987). The NB model employs 
a group-specific single parameter, α g, shared across all 
studies within group g and all voxels, to index the vari-
ance in excess of Poisson model. Specifically, for group 
g, study i , and voxel j, let λ g( i ) j follow a Gamma distri-

bution with mean µ g( i ) j and variance α gµ g( i ) j
2 . Condi-

tioned on λ g( i ) j
, let Yij  follow a Poisson distribution with 

mean λ g( i ) j
. Unlike Poisson, the sum of multiple inde-

pendent NB random variables does not follow an NB 
distribution. To address this, we propose moment 
matching approach to approximate the first two 
moments (mean and variance) of the convolution of NB 
distributions. This significantly simplifies the log-
likelihood function. By matching the first two moments, 
the approximate NB distribution of the total count of foci 
across all studies within group g at voxel j is given by 

Ygj = Yij ∼ NB ′rgj , ′pgj( ),
i=1

Mg

∑  where

	

′rgj =
µ gj

2

α g i=1

Mg∑ µ ij
2
, ′pgj=

i=1

Mg∑ µ ij
2

α g
−1µ gj + i=1

Mg∑ +
i=1

Mg∑ µ ij
2

	

(7)

with corresponding excess variance for each group g,

	
′α g = α g

i=1

Mg∑ µ ij
2

µ gj
2 ,

	
(8)

which gives rise to the simplified NB log-likelihood  
function,

	

l θ( ) = l β1,!,βG, ′α1 ,!, ′αG,γ( ) =
g=1

G

∑l β g, ′α g ,γ( )
=

g=1

G

∑
j=1

N

∑ logΓ Ygj + ′rgj( ) − logΓ Ygj +1( )− logΓ ′rgj( )⎡
⎣⎢

+ ′rgj log 1− ′pgj( ) +Ygj  log ′pgj( )⎤⎦⎥. 	

(9)

For more detailed derivations, refer to Supplementary 
Appendix A.2.2.

As a form of “random effects” Poisson model, the NB 
model incorporates group-specific latent Gamma ran-
dom variables that introduce independent variation at 
each voxel. However, in neuroimaging applications, 
there is often insufficient data to reliably estimate inde-
pendent voxel-wise variation. We could instead assert 
that the random (Gamma-distributed) effects are not 
independent voxel-wise effects, but rather latent char-
acteristics specific to each study within a group. These 
latent effects represent a shared effect across the entire 
brain for a given study within the group. This approach 
is used by a Bayesian CBMA method (Samartsidis et al., 
2019) and, in a non-imaging setting, is conceptually 
similar to a Poisson–Gamma model for two-stage clus-
ter sampling (Geoffroy & Weerakkody, 2001). Unlike the 
NB model, this method assumes that, at the first stage, 
each individual study i within group g is associated with 
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a global latent variable λ i, sampled from a Gamma dis-
tribution with mean 1 and variance αg. This allows for 
overdispersion, controlled by the dispersion parameter 

αg (λ i ∼Gamma α g
−1,α g

−1( )). At the second stage, condi-

tioned on the global variable λ i, the observed foci 
counts Yij are drawn from a Poisson distribution with 
mean λ iµ ij (Yij | λ i ∼ Poisson λ iµ ij( )), where µ ij represents 
the expected intensity, parametrised by the spatial 
regression parameter βg and covariates regression 
coefficients γ. The covariance structure between foci 
within a study is captured by this two-stage hierarchical 
Clustered NB model. It is determined by both the 
expected intensity of the foci locations and the group-
specific dispersion parameter αg . Specifically, the cova-
riance for study i and ′i  within group g, and for distinct 
voxel j  and ′j , is given by

	

C Yij,Y ′i ′j( ) = α gµ ijµ ′i ′j ,  if    i = ′i

C Yij,Y ′i ′j( ) = 0,  if    i ≠ ′i .

⎧

⎨
⎪⎪

⎩
⎪
⎪ 	

(10)

The reformulated log-likelihood is the sum of log-
likelihood over independent studies,

l θ( ) = l β1,!,βG,α1,!,αG,γ( ) =
g=1

G

∑l(β g,α g,γ )

=
g=1

G

∑[Mgα g
−1 log α g

−1( ) −Mg  logΓ α g
−1( ) +

i=1

Mg

∑logΓ Yti +α g
−1( )

−
i=1

Mg

∑ Yti + α g
−1( )log µ ti + α g

−1( ) +Yg
⊤log µ X( )]+Yt

⊤log µ Z( ).
	

(11)

Despite its motivation to induce intra-study depen-
dence, the Clustered NB model relies on the strong 
assumption that excess variance is fully captured by the 
global dispersion parameter λ i . However, it cannot 
accommodate voxel-wise independent excess variance 
within a study.

2.1.3.  Parameter estimation

The most computationally intensive stage of the CBMR 
pipeline is the estimation of the unknown model parame-
ters β g,α g,γ( ) for each group g. A common approach for 
estimating these group-specific parameters is Maximum 
Likelihood Estimation (MLE), based on reformulated log-
likelihood functions tailored to each stochastic model 
described in Section  2.1.2. To efficiently optimise these 
parameters, the CBMR pipeline employs the L-BFGS algo-
rithm, a quasi-Newton method well suited for problems 
involving large-scale datasets and high-dimensional 

parameter spaces. By approximating the Hessian matrix 
rather than computing and storing it directly, the L-BFGS 
algorithm achieves significant computational efficiency, 
making it ideal for the CBMR pipeline (Liu & Nocedal, 1989). 
Considering the log-likelihood function is non-convex for 
both the NB model and the Clustered NB model, a more 
cautious optimisation strategy is adopted. Specifically, a 
smaller learning rate is used during L-BFGS optimisation to 
reduce the risk of the algorithm becoming trapped in a local 
optimum rather than converging to the global optimum.

For the Poisson model in CBMR, the group-specific 
spatial regression coefficient βg is initialised either with ran-
dom values uniformly distributed within the range 
−0.01, 0.01[ ] or with values assuming spatial homogeneity 

of foci locations. Both initialisation strategies allow the L- 
BFGS algorithm to converge effectively. To address the 
non-convexity of log-likelihood functions for NB and Clus-
tered NB models, we propose using the optimised spatial 
regression coefficient βg from the Poisson model as the ini-
tialisation for these two models, improving the stability and 
robustness of the optimisation process. During optimisa-
tion, we iteratively optimise the group-wise dispersion 
parameter αg while keeping the group-specific spatial 
regression coefficient βg, and, if applicable, the coefficient 
of study-level covariates γ  fixed. Subsequently, αg is fixed, 
and other variables are optimised in alternating iterations 
until convergence. Pseudocode for these alternating itera-
tions is provided by 1.

Algorithm 1.  Alternating iterations for CBMR with NB 
model or Clustered NB model.

Assign initial estimates to group-specific parameters βg, αg, 
and group-shared γ
while Current l(θ) and previous lprev θ( ) differ by more than 
a predefined tolerance do

Evaluate the previous log-likelihood using 

lprev θ( ) = lg β g,α g,γ( )
g=1

G

∑
while Current l α g( ) and previous lprev α g( ) differ by 

more than predefined tolerance (1e−9 by default)
    do
        �Update the group-wise dispersion parameter αg 

for each group g using L-BFGS algorithm, while 
keeping βg and γ  (if applicable) fixed.

    end
  �  while Current l β g,γ( ) and previous lprev β g,γ( ) differ by 

more than predefined tolerance (1e−9 by default) do
    �    Update the group-specific parameters βg and the 

group-shared parameter γ  (if applicable), while 
keeping αg

 fixed.
    end
  �  Recompute the current log-likelihood values l(θ) 

and calculate the difference from the previous log-
likelihood values.

End
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In the implementation of the CBMR parameter estima-
tion stage, we use the built-in function scipy.optimize. 
minimize(method=‘L-BFGS-B’) from Scipy to minimise the 
objective function (negative log-likelihood function). This 
L-BFGS function was chosen for its well-documented and 
user-friendly interface, which simplifies integration into the 
pipeline. To address the increased computational demands 
of the parametric bootstrap method (see Section 2.1.4 for 
details), we also implemented parallelisation to accelerate 
computation. Furthermore, we implemented the code in 
JAX to take advantage of its automatic differentiation capa-
bilities. This allows for efficient approximation of the 
observed Fisher information matrix using the optimised 
regression coefficients for inference based on the Wald test 
(see Section 2.1.4 for details), without the need to explicitly 
derive the Hessian matrix of the log-likelihood function.

Using the optimised CBMR regression coefficients, 
we can construct group-specific estimated intensity 
maps to intuitively visualise the brain activation patterns. 
For more rigorous inference, allowing the identification of 
brain regions with significant p-values from statistical 
maps, we will further implement meta-inference pipe-
lines, with further details provided in Section 2.1.4.

2.1.4.  Meta-inference and output

The final stage of the CBMR pipeline involves performing 
inference (for both the homogeneity test and group com-
parison test) on the group-specific estimated intensity 
maps and outputting the analysis results as statistical 
maps in NIfTI format. To conduct voxel-wise hypothesis 
testing for both types of test, CBMR adopts an approach 
similar to that used in the popular GLM python package 
statsmodels and the R function glm(). In this approach, the 
group-specific estimated spatial intensity µ g

X or its log-
transformed counterpart ηg

X are used to construct test sta-
tistics at voxel-wise level, as well as their standard errors.

Assuming a contrast matrix C m× S( ) is provided  
for S involved groups, a voxel-wise null hypothesis 
H0  :Cθ! j = 0m×1 for voxel j can be specified. For simplicity, 
we assume that any redundant columns containing only 
zero elements (corresponding to groups not involved in the 
contrast) are removed before proceeding with the analysis. 
CBMR computes the corresponding test statistics as

	 Cθ! j( )⊤ CVjC
⊤( )−1 Cθ! j( )→D χm

2

	 (12)

where θ! j represents either the estimated intensity 

µ! 1j
X
,!,µ! Sj

X⎡
⎣

⎤
⎦
⊤
 or its log-transformed value η! 1j

X
,!,η! Sj

X⎡
⎣

⎤
⎦
⊤

, in 
practice, we recommend using the log-transformed val-
ues η! gj

X
, as they correspond to the linear response of 

GLMs, avoiding the additional approximation required to 
transform η! gj

X
 to µ! gj

X
 for estimating standard errors. The 

inverse of the Fisher information gives the asymptotic 
variance of the estimates of spatial regression coeffi-
cients β1,!,βS for the S involved groups. Leveraging the 
deterministic structure of GLMs η! g

X
= Xβ g, we approxi-

mate the variance of η! g
X
 for group g as X⊤Var β g( )X, 

where X  is the spatial design matrix. Additionally, Vj S × S( ) 
represents the covariance matrix constructed from the 
estimated variance of η! g

X
 at the j th voxel across all S 

groups. The degrees of freedom for the statistical test are 
determined by the number of rows in the contrast matrix 
C. To calculate the corresponding p-values, the test sta-
tistics are approximated using a chi-square distribution.

In scenarios where only one group is involved  
(m = S = 1), the statistical test simplifies to a Wald test, 
with the null hypothesis formulated as C θ! j − θ0( ) = 0. This 
can be further simplified to the following form:

	
Wj =

θ! j − θ0

SE θ! j( ) , 	
(13)

where θ! j represents either the estimated intensity µ! gj
X
  

for the involved group g or its log-transformed value η! gj
X
. 

The corresponding voxel-wise p-value pj is calculated 
under the assumption that the Wald test statistics Wj  fol-
lows a standard normal distribution.

Despite efforts to improve numerical stability during the 
optimisation process, such as adding a roughness penalty 
to prevent coefficients from being driven to highly negative 
values, we observed that approximating group-wise spa-
tial regression coefficient by inverting Fisher Information 
matrix often results in numerical instability. This is particu-
larly prevalent in datasets with an insufficient number of 
foci, with a practical threshold of at least 200 foci required 
for reliable inference. The instability arises due to the high 
dimensionality of the Fisher Information matrix, which can 
have hundreds or even thousands of elements corre-
sponding to the spline basis functions. For datasets with a 
low foci count, the Fisher Information matrix can become 
numerically singular because most voxels have near-zero 
intensity estimates. We have experimented with several 
approaches to improve this instability, including adding a 
small epsilon (10−6) or 1% of the largest diagonal element to 
the diagonal of the Fisher Information matrix, and comput-
ing the Fisher Information under the assumption that the null 
hypothesis of homogeneity is True. However, these meth-
ods consistently resulted in underestimation of the variance 
of voxel-wise spatial intensity, resulting in invalid p-values.

Given these challenges, we are now exploring para-
metric bootstrap methods as an alternative for meta-
inference, rather than relying on statistical tests based on 
the inverse of the Fisher Information matrix. The para-
metric bootstrap is a resampling-based statistical tech-



13

Y. Yu, L.D. Hill-Bowen, M.C. Riedel et al.	 Imaging Neuroscience, Volume 3, 2025

nique that estimates the sampling distribution of a 
statistic without requiring strong parametric assumptions 
about the underlying data distribution. Specifically, for 
group-wise homogeneity test, the bootstrap process 
involves the following steps: for each bootstrap sample, 
foci are randomised under the assumption of spatial 
homogeneity, following a Binomial process. The CBMR 
regression is refitted to obtain group-wise estimated 
intensity values or their log-transformed values at voxel 
level. This procedure is repeated at least 1,000 times to 
generate the bootstrap null distribution. Under the null 
distribution H0  : ηgj

X = ηg0
 or µ gj

X = µ g0
, the observed val-

ues of ηgj
X  or µ gj

X  for group g are compared with the boot-
strap null distribution. The p-values are then calculated 
as the probability of observed test results as extreme as 
the actual results, assuming the null hypothesis is true. 
While for group comparison tests, a similar bootstrap 
procedure is applied with a slight modification: under the 
null hypothesis ηAj = ηBj

 between group A and B, we first 
combine all foci counts from both groups to estimate a 
shared activation intensity function. Data are then regen-
erated from the chosen stochastic model associated with 
the CBMR regression, ensuring the total number of stud-
ies remains the same as before for both groups. The 
model is refitted for each bootstrap sample. Repeating 
this procedure generates the bootstrap null distribution, 
and p-values are calculated by comparing the actual 
results with the bootstrap null distribution. We assert that 
this method avoids the numerical issues encountered 
during the inference stage, although at the cost of 
increased computational requirements. Its validity and 
effectiveness are demonstrated in Sections 2.2.

Nevertheless, the precision of the parametric boot-
strap method is fundamentally constrained by the num-
ber of resamples, B, as the smallest attainable p-value is 
1/B. To address this limitation, we adopt a tail-fitting pro-
cedure based on the Generalised Pareto Distribution 
(GPD). The GPD arises naturally from Extreme Value  
Theory (EVT), which establishes that the distribution of 
exceedances over a sufficiently high threshold converges 
to a GPD, regardless of the underlying data-generating 
process. By fitting the GPD to the upper tail of the empir-
ical bootstrap null distribution beyond a pre-specified 
threshold, we can extrapolate the distribution’s behaviour 
more accurately. This allows stable estimation of very 
small p-values (p < 1/B), thereby extending the effective 
resolution of the bootstrap procedure.

Additionally, we are also interested in investigating the 
global effects of study-level covariates on group-wise 
spatial activation functions. For example, we aim to 
assess whether there is a global effect of the (square root 
of) sample size on spatial activation functions, or whether 

the influence of (square root of) sample size is stronger 
than that of publication year. To address these questions, 
we perform hypothesis testing on one or more elements 
of the regression coefficient vector γ , which captures the 
effects of the study-level covariates. Similarly to the 
voxel-wise hypothesis testing of spatial intensity in  
Equation  12, this is achieved using a contrast matrix 
Cγ m× s( ), where s denotes the number of relevant study-
level covariates after excluding irrelevant ones. The con-
trast matrix Cγ allows for the specification of flexible 
hypotheses. Under the null hypothesis H0 :Cγ γ = 0m×1, 
the test statistic is given by

	 Cγ
γ!( )⊤ CγCov γ!( )Cγ

⊤( )−1 Cγ
γ!( )→D χm

2 , 	 (14)

where Cov(γ! ) represents the covariance structure of ele-
ments in γ! , and the p-values can be approximated using 
a chi-square distribution with m degrees of freedom. 
Note that the issue of inverting a numerically singular 
Fisher Information matrix is unlikely to arise when per-
forming inference on the regression coefficients of study-
level covariates. This is because γ typically contains only 
a few elements (fewer than 5), resulting in a Fisher Infor-
mation matrix of low dimensionality. Furthermore, since 
most of elements in γ  are unlikely to be simultaneously 
close to 0, ensuring the Fisher Information matrix is not 
numerically singular. Therefore, we believe it is unneces-
sary to use bootstrap methods for inference on study-
level covariates.

2.2.  Simulation methods

In order to quantitively evaluate and demonstrate the 
computational accuracy and efficiency of CBMR, exten-
sive simulations were conducted across 12 settings. 
Simulated data were generated for three spatial configu-
rations: a 2-dimensional grid consisting of 100 ×100 vox-
els, a 3-dimensional grid consisting of 100 ×100 ×100 
voxels, a 3-dimensional grid within an MNI152 2  mm 
brain mask, containing 228, 483 voxels. Each configura-
tion was analysed under four data generation designs. 
These data generation designs combined two key fac-
tors: the underlying intensity function and the spatial pat-
terns for data generation. The underlying intensity 
function for generating CBMR data is either high (an 
average total foci count of approximately 1, 000 per 
study) or low (an average total foci count of approxi-
mately 10). Data generation followed either a homoge-
neous spatial intensity assumption or a scenario with two 
Gaussian bump signals overlaid on a background con-
stant intensity function. The high-intensity and spatial 
homogeneity setting is primarily used as a sanity check, 
in contrast, the low-intensity and two bump signals set-



14

Y. Yu, L.D. Hill-Bowen, M.C. Riedel et al.	 Imaging Neuroscience, Volume 3, 2025

ting is designed to evaluate model performance under 
more realistic conditions that closely reflect real-world 
datasets. For each simulation setting, the simulated data 
include 3 groups with identical underlying intensity func-
tions, but different numbers of studies: 100, 100, and 500, 
respectively. Following data generation, CBMR regres-
sion is performed using either the Poisson or NB model, 
as the Clustered NB model has been shown to be inca-
pable of accommodating voxel-wise independent excess 
variance within a study. Statistical tests are conducted 
using either standard error estimates derived from the 
inverse of the Fisher Information matrix or a bootstrap 
approach with 1, 000 bootstrap samples.

In each simulation setting, the spatial design matrix X  
(P = 2,624) is constructed using cubic B-spline bases with 
knot spacing of 10 mm. This design matrix is fixed and 
applied consistently across all groups in every simulation 
setting. The effect of study-level covariates is assumed to 
exist in all settings, with their values are generated uni-
formly within the range −1, 1[ ] and standardised to have a 
mean of 0 and a standard deviation of 1, allowing X to 
capture the overall mean. During the optimisation process 
in each simulation, the group-specific spatial regression βg 
and the shared regression coefficient γ  across all groups 
are estimated, and then used to construct the group-
specific intensity maps, as defined by Equation 4.

In order to evaluate the accuracy and performance of 
parameter estimation in each simulation setting, we con-
duct meta-inference for both homogeneity test within 
each group and the group comparison test between any 
two groups. These tests were performed at the voxel 
level using two inference approaches: (i) parametric sta-
tistical tests, as detailed in Equation 12, and (ii) the para-
metric bootstrap method. After obtaining voxel-wise 
p-values, they were sorted in an ascending order and 
visualised using a PP-plot to compare the probability 
distribution of the observed and theoretical p-values. 
The x-axis represents the theoretical distribution (a uni-
form distribution between 0 and 1), while the y-axis rep-
resents the observed distribution. If the two distributions 
are similar, the sorted pairs of observed and theoretical 
p-values are expected to align closely along the 
45-degree diagonal line ( y = x). Deviations from this 
diagonal indicate discrepancies between the observed 
data and the theoretical distribution. Additionally, the 
group-specific estimated intensity maps produced by 
CBMR were compared using the mean absolute differ-
ence across the whole brain image to assess the accu-
racy of the CBMR regression stage. Finally, the 
computational time for the two inference approaches 
was recorded for comparison.

In summary, the simulations we have described evalu-
ate CBMR in three key aspects: (i) the accuracy of param-

eter estimation during the regression stage, (ii) the 
performance of parametric statistical tests and paramet-
ric bootstrap method under various data-generation set-
tings, and (iii) computational time required to run the 
CBMR pipeline. All reported results were obtained using 
an HPC cluster with Intel(R) Xeon(R) Gold 6126 2.60HZ 
processors each with 16 GB RAM.

2.3.  Real data methods

As a demonstration of the large-scale capabilities of CBMR, 
here we present an example involving a more complex data 
than those considered in the simulation discussed in Sec-
tion 2.2. In this example, we utilise a meta-analytic cue-
reactivity dataset, as the cue-reactivity paradigm is a widely 
used neuroimaging probe that elicits brain activity associ-
ated with attentional, affective, and reward processes in 
response to appetitive stimuli. Literature search for visual 
cue-reactivity fMRI studies focused on drugs of abuse or 
natural rewards published up to August 2020. Cue types 
include nicotine, alcohol, cannabis, cocaine, heroin, food, 
or sexual stimuli. This dataset includes 546 contrasts 
examining drug-neutral (“drug”, n = 163), natural-neutral 
(“natural”, n = 110) and reward-neutral (“reward”, n = 273). 
Relevant study-level information was recorded, including 
participant age, sex, cue type, MRI scanner field strength, 
and processing software (Hill-Bowen et al., 2021).

Here, we address two primary research questions 
using either voxel-level group-wise spatial homogeneity 
tests or group comparison tests between multiple groups:

•	Where are the regions of activation associated with 
a specific group of cue-reactivity stimuli (e.g., drug-
related stimuli) that show stronger estimated inten-
sity than average, under the assumption of spatial 
homogeneity?

•	Where do differences exist in activation regions 
between two stimulus types within the cue-
reactivity dataset (e.g., differences between drug 
and natural stimulus groups)?

At the pre-processing stage, all 546 contrasts are cat-
egorised into three groups based on their respective 
visual stimulus types. Foci located outside of the MNI152 
2  mm brain mask are removed, and a spatial design 
matrix X P = 2,624( ) is constructed using cubic B-splines 
with a knot spacing of 10  mm. In this experiment, we 
include the square root of the sample size and publica-
tion year as study-level covariates. These covariates are 
standardised to have a mean of 0 and a standard devia-
tion of 1 before being integrated into the CBMR pipeline. 
At the CBMR regression stage, either Poisson or Nega-
tive Binomial (NB) model is employed for parameter esti-
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mation. This involves optimising the group-specific 
regression coefficients βg for each group g, the group-
shared regression coefficients for the effects of the study-
level covariates, and if the NB model is employed, the 
group-specific overdispersion parameter αg

. Using these 
estimates, group-specific intensity maps are then con-
structed for each group according to Equation 4. At the 
CBMR inference stage, both group-wise homogeneity 
tests and group comparison tests between any two 
groups are performed. Voxel-wise p-values are obtained 
using either statistical tests, as described in Equation 12, 
or by comparing the observed data to null distributions 
generated via parametric bootstrap methods with 1, 000 
bootstrap samples. Activation maps (for significant 
uncorrected p-values under the 5% significance level) 
generated by these two inference methods are compared 
against those generated by ALE. For the group-wise 
homogeneity test, ALE activation maps are computed 
using the default full-width half maximum (FWHM) set-
tings based on sample size, as described in Eickhoff 
et  al. (2012). For group comparison, ALE subtraction 
analysis is employed. Both methods are implemented 
using the built-in functions of the Python package 
NiMARE (Salo et al., 2022). Additionally, we investigate 
the global effects of sample size and publication year on 
the group-wise intensity functions, analysing if these 
effects are significant, as well as comparing the strength 
for each group g.

The primary goal of the analyses described above is to 
demonstrate the practical application of CBMR and to 
highlight its efficiency and scalability through a real-world 
example. To evaluate computational efficiency, the time 
required for parameter estimation during the regression 
stage was recorded for both inference methods: para-
metric statistical tests and parametric bootstrap. In Sec-
tion 3.2, results are reported for Likelihood Ratio tests, 
along with alternative model selection criteria such as 
AIC and BIC, which takes the model complexity into con-
sideration. All analyses were conducted on an HPC clus-
ter with Intel(R) Xeon(R) Gold 6126 2.60HZ processors 
each with 16 GB RAM.

3.  RESULTS

3.1.  Simulation results

3.1.1.  Parameter optimisation

Across the 12 simulation settings outlined in Section 2.2 
(three spatial configurations combined with 4 data gener-
ation schemes), all parameter estimates produced by 
CBMR regression closely matched the ground truth. For 
consistency and clarity, we focus on showcasing results 
from the experimental design involving CBMR regression 

with the NB model applied to a three-dimensional brain 
image, as all designs demonstrated similar patterns. The 
observed absolute bias for intensity function estimation, 
averaged across all 1, 000 bootstrap samples and voxel 
locations, is presented in Table 2. We noticed that set-
tings with low underlying intensity and intensity functions 
with two bump signals posed greater challenges for 
CBMR regression, as reflected in larger absolute bias val-
ues. However, all results remain within the magnitude of 
10−4, demonstrating the validity and accuracy of CBMR 
regression for multiple groups under various experimen-
tal conditions.

3.1.2.  Computation time

We emphasise that, after model re-factorisation, neither 
the number of foci nor the number of studies affects the 
computation time. This is because the sufficient statistics 
are reduced to the group-wise vector of voxel-wise total 
foci counts across all studies within group g ( yg, N ×1) 
and the vector of total foci counts across all voxel loca-
tions within a study (yt, M ×1). Only the number of groups 
influences the computation of log-likelihood function 
during each iteration. Therefore, we assert that our CBMR 
regression stages scale efficiently with the number of 
studies or foci. Moreover, a larger number of studies or 
foci improve numerical stability and accelerate conver-
gence during the optimisation process.

As a computationally efficient alternative to Bayesian 
model-based meta-regression methods, one of the key 
advantages of our CBMR pipeline is its simple, intuitive 
statistical structure and scalability. Our experiments 
demonstrate that the optimisation in meta-regression with 
multiple groups takes approximately 30  minutes on an 
NVIDIA GTX 1080 Graphics Card—a significant improve-
ment compared with some Bayesian model-based meth-
ods, which require roughly 30 hours on an NIVDIA Tesla 
K20c GPU card (Samartsidis et  al., 2019). However, in 
experimental settings with an insufficient number of foci 
(e.g., low underlying intensity functions with either spatial 
homogeneity or two bump signals in our setting), we con-
sider using parametric bootstrap methods as an alterna-
tive. This is due to the occurrence of numerical singularities 

Table 2.  Bias for CBMR intensity function estimation 
under different conditions: High or low underlying intensity 
levels, combined with either spatially homogeneous 
intensity functions or intensity functions with two bump 
signals.

Spatial homogeneous 
intensity

With two  
bump signals

High intensity 1.1501×10−4 2.4335×10−4

Low intensity 1.6793×10−4 6.4429×10−4
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in the Fisher Information matrix, which prevents the sub-
sequent meta-inference stage. Nonetheless, the paramet-
ric bootstrap method is computationally intensive, as it 
requires repeated data simulations (e.g., 1, 000 bootstrap 
samples in our experiment) and model refitting for each 
sample to obtain the bootstrap null distribution. In prac-
tice, we implemented parallelisation on HPC clusters to 
accelerate model re-fitting. Running model refitting on five 
bootstrap samples in parallel on a single HPC cluster 
node with Intel(R) Xeon(R) Gold 6126 2.60HZ processors 
takes approximately 40 minutes. Experiments based on 
parametric bootstrap methods are feasible only with par-
allelisation and the availability of hundreds of HPC cluster 
nodes. However, this approach is as computationally 
intensive as or even more than the Bayesian model-based 
methods and is not easily accessible to users without 
HPC cluster resources. As a result, the CBMR regression 
loses one of its key advantages—computational effi-
ciency, when applied to small meta-analytic datasets with 
less than 200 foci per group.

3.1.3.  Validation of the meta-inference stage

Following the simulation settings described in Sec-
tion 2.2, we validate the accuracy of the meta-inference 
pipeline by evaluating PP-plots of voxel-wise p-values 
under each simulation scenario. These p-values are com-
puted either using parametric statistical tests described 
in Equation  12 or through the parametric bootstrap 
method. A perfect alignment with the y = x line would 
indicate that the meta-inference stage produces valid 
outcomes, thereby providing confidence to apply the 
same inference procedure to real datasets.

Since the PP-plots are very similar across the 12 sce-
narios, we only present results for a representative set-
ting: CBMR inference using the parametric statistical test 
described in Equation  12. This setting compares esti-
mated intensity functions between two groups with iden-
tical underlying intensity functions. Foci locations are 
simulated at different overall intensities (1, 000 vs. 5, 000 
foci, or 100, 000 vs. 500, 000 foci) and exhibit either spa-
tial homogeneity or two Gaussian bump signals. Figure 3 
displays four −log10 PP-plots corresponding to different 
underlying intensity functions in this simulation setting. 
The plots include the y = x line (dashed diagonal line), the 
5% significance (dashed horizontal line) and the FDR 5% 
boundary (solid diagonal line); and gray-shaded areas 
indicating the point-wise 95% prediction intervals. The 
results show that for scenarios with low underlying inten-
sity functions (both spatial homogeneous and with two 
bump signals), p-values > 0.05 ≈ 10−1.3 can skew conser-
vative, while extreme p-values can skew liberal. This poor 
behaviour is observed in both spatially homogeneous 

and bump signal cases, particularly when the number of 
foci in insufficient. Conversely, for scenarios with high 
underlying intensity functions, the PP-plot lines are only 
slightly skewed, and the y = x line falls within the point-
wise 95% prediction intervals. These results support the 
observation that PP-plots exhibit poor behaviour when 
the number of foci falls below a certain threshold (1, 000 
in our previous one-group CBMR experiment; Yu et al., 
2024). In such cases, inference results based on para-
metric statistical tests become unreliable due to numeri-
cal singularity in the Fisher information matrix encountered 
during practical implementation.

For datasets with an insufficient number of studies or 
foci, we recommend using the parametric bootstrap 
method instead, thereby avoiding inverting the Fisher 
Information matrix (See Section  2.1.4 for details). Fig-
ure 4 presents the results from the same representative 
simulation setting as above, focusing on the more chal-
lenging scenario with a low underlying intensity function 
(with an average of 10 foci sampled per study). The PP-
plots for both foci patterns (spatially homogeneous and 
two bump signals) align closely with the line of identity 
y = x , with extreme p-values exhibiting only a slight con-
servative skew. The PP-plot generated by the standard 
bootstrap approach (green line) flattens after −log10 B( ), 
reflecting the limited precision of 1/B, where B is the 
number of bootstrap resamples. However, fitting the tail 
with a Generalized Pareto Distribution (GPD) (blue line) 
significantly improves precision. These results indicate 
that the parametric bootstrap method provides an effec-
tive alternative to parametric statistical tests for small 
datasets, although at the cost of increased computa-
tional time, with precision further improved through GPD-
based tail-fitting approximation.

3.2.  Real data results

3.2.1.  Model comparison

We evaluate the goodness of fit among two likelihood-
based stochastic models (Poisson and NB model) by 
comparing their maximised log-likelihood values. Our 
analysis shows that CBMR using the NB model outper-
forms Poisson model on Cue Reactivity dataset, when 
comparing the maximised total log-likelihood values 
across multiple groups. This is not surprising, as the NB 
model accounts for the anticipated excess variance rela-
tive to the Poisson model at voxel level. Given the nested 
relationship between the Poisson and NB models (with 
the group-specific dispersion parameter α g = 0 for group 
g in the NB model), we also performed a Likelihood Ratio 
Test (LRT) to evaluate the trade-off between model suffi-
ciency and complexity. The LRT results indicate that the 
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null hypothesis—the simpler nested model (Poisson) is 
as good as the full model (NB)—is strongly rejected for 
the Cue Reactivity dataset, with p-values less than 10−8.

3.2.2.  Analysis results

We have previously demonstrated the consistency of 
activation regions detected by ALE and the CBMR para-

metric inference method for single-group CBMR analysis 
(Yu et al., 2024). In this section, we extend our investiga-
tion to datasets with multiple groups to assess whether 
this consistency persists, and to evaluate the similarity of 
activation regions identified by the CBMR inference using 
two methods for standard error estimation: Fisher infor-
mation and a parametric bootstrap approach. Our analy-
sis focuses on group-specific activation regions for each 

Fig. 3.  PP-plots illustrating group comparison under two underlying intensity function settings: low (1,  000 vs. 5, 000 foci) 
or high (100, 000 vs. 500, 000). Each setting includes both spatially homogeneous and two-bump signal configurations. 
The plots are based on p-values obtained from statistical tests described in Equation 12.
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of the three groups and group-wise comparisons between 
any two groups in the Cue Reactivity dataset, which 
includes a total of 3, 197 foci (Hill-Bowen et al., 2021). As 
the total count of foci exceeds the practical recommen-
dation of at least 200 foci per group, both the parametric 
statistical test and the parametric bootstrap test are plau-
sible for this dataset. Therefore, we conduct the subse-
quent analysis using both methods to confirm the 
consistency of the findings. For comparison, we present 
uncorrected Z-statistic maps generated by the CBMR 
inference stage using ALE, the CBMR inference based on 
the parametric statistical tests described in Equation 12, 
and the parametric bootstrap method (with GPD tail-
fitting) for all voxels significant at α = 0.05 in Figures 5–8. 
To ensure comparable spatial resolution, we adopt the 
default FWHM determined by effect size in the Python 
package NiMARE (Salo et al., 2022).

Figures  5–7 demonstrate notable consistency in the 
detected activation regions (voxels with uncorrected sig-
nificant p-values less than 0.05) across the three groups in 
the Cue Reactivity dataset. Similar consistency is also 
observed in the activation regions of the entire Cue Reac-
tivity dataset, as reported in figures 5 and 6 of Yu et al. 
(2024). This consistency is particularly evident in the left 
cerebral cortex, frontal orbital cortex, insular cortex, and 

left and right accumbens. The observed activations in 
these regions during cue reactivity reflect the engagement 
of a complex neural network comprising multiple func-
tional systems: reward processing and motivation, medi-
ated by the nucleus accumbens and its dopaminergic 
projections; value-based decision making, supported by 
the orbitofrontal cortex, interoceptive awareness, and 
conscious craving mediated by the insula; cognitive con-
trol, attention and emotional regulations, associated with 
various parts of prefrontal cortex; and learning and 
memory processes, involving cue–outcome associations 
encoded in the hippocampus and amygdala. However, 
slight differences in spatial specificity and smoothness are 
observed between the methods: ALE provides the 
smoothest activation regions and detects the largest 
extent of activation, likely because it is sensitive to the 
spatial convergence of reported coordinates across stud-
ies rather than voxel-wise effect size magnitude or spatial 
specificity. In contrast, the parametric statistical tests and 
the parametric bootstrap method (with GPD tail-fitting) 
yield more stringent and localised activation regions. This 
is likely due to CBMR explicitly accounting for both within- 
and between-study variance, and often incorporates spa-
tial heterogeneity and uncertainty more explicitly, leading 
to more conservative and spatial precise detection of sig-

Fig. 4.  PP-plots illustrate group comparisons (1, 000 vs. 5, 000 foci) under two types of underlying low-intensity 
functions: spatially homogeneous and with two Gaussian bump signals. The plots are generated from p-values obtained 
via a parametric bootstrap procedure. The green line corresponds to the bootstrap method without tail fitting, where 
precision is limited by the number of resamples. The blue line shows the fitted tail using a Generalised Pareto Distribution 
(GPD). The red line indicates the line of identity ( y = x).
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nificant voxels. Despite these differences, all methods 
exhibit high overall consistency, with only minimal differ-
ences in the location of detected activation regions.

Figure 8 illustrates activation patterns observed in the 
group comparisons between the Drug and Natural groups 
within the Cue Reactivity dataset. Results from two addi-
tional group comparisons are presented in Figures 9 and 
10 in Supplementary Appendix A.2.3. These figures high-
light voxels with uncorrected significant p-values less 
than 0.05, demonstrating the reliability of CBMR infer-
ence when applied to real datasets, in comparison with 
kernel-based methods. Brain regions highlighted in red 
(indicating positive z-statistics values and corresponding 
to uncorrected significant p-values) represent areas 
where one group shows stronger activation than the other 
group. Conversely, regions highlighted in blue (indicating 
negative z-statistic values and corresponding to uncor-
rected significant p-values) denote areas where the other 

group exhibits stronger activation. Figure 8 demonstrates 
strong consistency in findings across all four comparison 
methods (ALE subtraction analysis, voxel-wise logistic 
regression on MKDA activation maps, CBMR inference 
using either parametric statistical tests, or GPD tail-fitted 
bootstrap). This highlights the stability and accuracy of 
CBMR even in the presence of group size imbalance.

In the Cue Reactivity dataset, the (square root of) sam-
ple size and year of publication are considered as 
study-level covariates to understand their global effects 
on group-wise activation intensity functions. Our CBMR 
regression analysis indicates that the activation intensity 
function increases globally by 8.1587% for each unit 
increase in the square root of sample size, and decreases 
globally by 0.5397% for each unit decrease in the year of 
publication. We also conducted hypothesis testing to 
determine whether these two study-level covariates 
have a significant effect (i.e., whether their regression 

Fig. 5.  Comparison of activation regions for the Drug-Neutral group: ALE activation map, parametric statistical tests, 
and parametric bootstrap method (with GPD tail-fitting). The activation maps are presented in Z-scores, showing regions 
with uncorrected p-values under 5% significance level.
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coefficients are distinguishable from zero). Under the null 
hypothesis that these study-level covariates have no 
effect, we reject the null hypothesis for the square root of 
sample size at the 0.05 confidence level (p = 1.1732×10−9). 
However, we could not reject the null hypothesis for the 
year of publication (p = 0.6681). Additionally, leveraging 
the flexibility of the CBMR inference framework, we com-
pared the effects of these two study-level covariates. 
Under the null hypothesis that the effect of year of publi-
cation is stronger than that of the (square root) of sample 
size, we rejected the null hypothesis at 0.05 confidence 
level (p = 5.1857×10−5).

3.2.3.  Computation time

The computation time for CBMR multi-group analysis 
varies significantly between the inference stage using 
parametric statistical tests (as described in Equation 12) 

and parametric bootstrap method at voxel level. For large 
datasets with a sufficient number of studies and foci, 
where the numerical singularity of the Fisher Information 
matrix is not a concern, parametric statistical tests are 
more computationally efficient. These tests allow for flex-
ible homogeneity or group comparison analyses with 
only a single meta-regression stage. On an NVIDIA GTX 
1080 Graphics Card, this approach takes approximately 
30 minutes to complete. However, for datasets with an 
insufficient number of studies or foci (fewer than 200 foci 
per group), the parametric bootstrap method becomes 
necessary during the meta-inference stage. This method 
involves generating 1, 000 bootstrap samples, requiring 
repeated randomisation of foci locations or data re-
generation and model refitting for each bootstrap sam-
ple, significantly increasing computational complexity. 
Despite implementing parallelisation to accelerate the 
process, running model refitting on five bootstrap sam-

Fig. 6.  Comparison of activation regions for the Natural-Neutral group: ALE activation map, parametric statistical tests, 
and parametric bootstrap method (with GPD tail-fitting). The activation maps are presented in Z-scores, showing regions 
with uncorrected p-values under 5% significance level.
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ples in parallel on a single HPC cluster node with Intel(R) 
Xeon(R) Gold 6126 2.60Hz processors takes approxi-
mately 40  minutes. Achieving a comparable computa-
tional time to the parametric statistical test method would 
require around 200 HPC nodes. However, access to HPC 
resources with such computational capacity is often lim-
ited. Therefore, we recommend avoiding the parametric 
bootstrap method whenever possible and using para-
metric statistical tests for more computationally efficient 
analysis. Although CBMR remains more sufficient than 
fully Bayesian approaches, the reliance on large-scale 
HPC resources for bootstrap inference constitutes a 
practical limitation for some applications.

4.  DISCUSSION AND CONCLUSION

In this work, we have detailed and presented multi-group 
CBMR, a module implemented in the open-source 

Python package NiMARE, designed for performing meta-
regression and meta-inference on coordinate-based 
meta-analytic fMRI datasets. The meta-regression frame-
work incorporates a spatial model based on spline para-
metrisation, where a roughness penalty is applied to 
regularise the smoothness of the spline basis functions. 
The meta-regression stage fits a generalised linear model 
with either Poisson or Negative Binomial (NB) distribution 
at the voxel level, and accommodates study-level 
covariates such as sample size and year of publication. 
Our approach also provides two distinct inference frame-
works based on the number of studies or foci in each 
group within the dataset: For datasets with a sufficient 
number of foci (above a threshold of 200 foci per group), 
we recommend a computationally efficient inference 
method based on parametric statistical tests at the voxel 
level. This approach is significantly more efficient than 
the previously proposed Bayesian spatial regression 

Fig. 7.  Comparison of activation regions for the Reward-Neutral group: ALE activation map, parametric statistical tests, 
and parametric bootstrap method (with GPD tail-fitting). The activation maps are presented in Z-scores, showing regions 
with uncorrected p-values under 5% significance level.
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model, while having the flexibility and interpretability of 
hypothesis testing for either spatial homogeneity or 
group comparisons. For datasets with an insufficient 
number of studies or foci, we propose a parametric boot-
strap method as alternative for more accurate inference. 
In this method, p-values are obtained by comparing 
observed values with the null bootstrap distribution. 
While inherently computationally intensive—requiring 
repeated randomisation of foci locations or re-generation 
of data for thousands of bootstrap samples—this 

approach is necessary to address numerical issues 
related to inverting singular Fisher Information matrices in 
small datasets. Through simulations on synthetic data 
under various experimental settings, we demonstrated 
that meta-inference outcomes based on parametric sta-
tistical tests are valid for datasets with a sufficient num-
ber of foci (high underlying intensity functions). However, 
for datasets with an insufficient number of foci (low 
underlying intensity functions), p-values tend to skew lib-
erally. Despite these challenges, meta-inference out-

Fig. 8.  Difference in activation regions between the Drug-Neutral and Natural-Neutral groups: ALE subtraction analysis, 
MKDA with logistic regression, parametric statistical tests, and parametric bootstrap method (with GPD tail-fitting). The 
activation maps are presented in Z-scores, showing regions with uncorrected p-values under 5% significance level.
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comes based on parametric bootstrap method remain 
valid and accurate even under the most challenging sim-
ulation settings with insufficient foci. Using the Cue 
Reactivity dataset, we found that the NB model is the 
preferred stochastic model, as indicated by model com-
parisons via Likelihood Ratio Test (LRT). The Poisson 
model, in contrast, cannot explain over-dispersion 
observed in foci counts. Meanwhile, we also compare the 
activation regions identified by both ALE and CBMR 

approaches, utilising both parametric statistical tests or 
parametric bootstrap method. These comparisons vali-
date the accuracy and robustness of CBMR inference 
framework, whether for spatial homogeneity or group 
comparisons.

There are a few limitations in our work. We employ the 
parametric bootstrap method for meta-inference on small 
datasets with insufficient foci count, which improves 
inference accuracy at the cost of increased computa-

Fig. 9.  Difference in activation regions between the Drug-Neutral and Reward-Neutral groups: ALE subtraction 
analysis, MKDA with logistic regression, parametric statistical tests, and parametric bootstrap method (with GPD tail-
fitting). The activation maps are presented in Z-scores, showing regions with uncorrected p-values under 5% significance 
level.
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tional time. In this approach, the null distribution of the 
test statistic is generated by resampling under the null 
hypothesis. While our integration of the Generalised 
Pareto Distribution (GPD) for tail approximation alleviates 
the precision ceiling of standard bootstrap resampling 
(1/B for B samples), the overall procedure remains  
computationally intensive. This resource demand con-
strains the applicability of our framework to large-scale 
meta-analytic datasets or settings without access to 
high-performance computing. Future work will, therefore, 

focus on strategies to preserve accuracy while reducing 
computation burden. Potential directions include lever-
aging asymptotic distributional approximations (e.g., nor-
mal or chi-squared) to reduce the necessary number of 
bootstrap replications (Bickel & Freedman, 1981; Hall, 
2013). However, such approximations must be carefully 
evaluated to avoid biases if the test statistic’s true distri-
bution deviates from the assumed theoretical distribu-
tion. Another promising avenue is the use of data-driven 
alternatives (e.g., Gaussian or mixture distributions fitted 

Fig. 10.  Difference in activation regions between the Natural-Neutral and Reward-Neutral groups: ALE subtraction 
analysis, MKDA with logistic regression, parametric statistical tests, and parametric bootstrap method (with GPD tail-fitting). 
The activation maps are presented in Z-scores, showing regions with uncorrected p-values under 5% significance level.
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to the observed data) for approximating non-standard 
null distributions in complex modelling scenarios.

Another potential direction for future development is to 
ensure the CBMR framework more accessible to users 
without coding expertise or access to HPC clusters. 
Despite the significant effort invested in implementing 
CBMR as a module in the Python package NiMARE, its 
usage still requires basic coding knowledge, local envi-
ronment setup, and familiarity with standard data prepro-
cessing procedures. In contrast, platforms such as 
Neurosynth Compose (Kent et  al., 2024) allow users to 
perform neuroimaging meta-analyses entirely within a 
browser, avoiding the setup for local Python environment. 
Neurosynth Compose allows users to search and inte-
grate data from thousands of neuroimaging studies in the 
Neurosynth dataset and perform fast computations in the 
cloud using automated analysis pipeline. As a free and 
open platform for neuroimaging meta-analyses, it elimi-
nates technical barriers for broader accessibility. Our next 
step is to integrate the CBMR regression and inference 
pipeline into the Neurosynth Compose platform. This inte-
gration will make CBMR accessible directly through a 
browser-based interface. Although CBMR inference via 
parametric bootstrap method is a valuable extension, par-
ticularly for studies with smaller sample sizes, it is also 
computationally intensive. In the absence of parallelisa-
tion or high-performance computing resources, bootstrap 
procedures can impose a substantial computational bur-
den. Consequently, we do not plan to implement this 
functionality in Neurosynth Compose in the near future, as 
such demands would place impractical demands on the 
shared server infrastructure. Looking ahead, we aim to 
explore cloud-based solutions to accelerate the paramet-
ric bootstrap procedure, enabling efficient and scalable 
performance for computationally demanding analyses.

There is also significant potential for further theoretical 
development in conducting meta-analyses using data 
from multiple sources. With the growing convention 
among researchers to share full statistical maps, it is 
increasingly important to integrate additional information 
from both reported foci or full statistical maps (e.g.,  
p-values or t-values), when available. Some researchers 
have proposed Markov melding as a fully Bay0065sian 
framework for joining probabilistic sub-models. In this 
method, evidence from different sources is specified in 
each sub-model, and sub-models are joined while pre-
serving all information and uncertainty (Goudie et  al., 
2019). This approach could enhance inferences derived 
from CBMR by integrating the magnitude of CBMR acti-
vation or even data from image-based meta-analytic 
results. Another promising avenue for future development 
involves using CBMR inference outcomes as weights to 
determine the contribution of voxel-wise statistics from 

individual studies to the synthesised meta-analytic results. 
A well-designed choice of voxel-wise weights could stabi-
lise variance and control heterogeneity by ensuring that 
studies with greater variability contribute less to the over-
all meta-analysis. Since CBMR inference outcomes 
involve voxel-wise variation for each study, they provide a 
data-driven approach for weighting. Future research will 
explore where these weights outperform existing meth-
ods based on inverse variance, sample size, or effect size.
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recommended the use of tail-fitting procedures (with a 
Generalized Pareto Distribution), a suggestion that has 
been fully incorporated to significantly improve the preci-
sion of the bootstrap method for inference.

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available with 
the online version here: https://doi​.org​/10​.1162​/IMAG​.a​
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