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Given the increasing amount of neuroimaging studies, therés a growing need
to summarize published results. Coordinate-based meta-aalyses use the locations
of statistically signi cant local maxima with possibly theassociated effect sizes to
aggregate studies. In this paper, we investigate the in uece of key characteristics of
a coordinate-based meta-analysis on (1) the balance betwaefalse and true positives
and (2) the activation reliability of the outcome from a codinate-based meta-analysis.
More particularly, we consider the in uence of the chosen goup level model at the study
level [ xed effects, ordinary least squares (OLS), or mixedffects models], the type of
coordinate-based meta-analysis [Activation Likelihood &imation (ALE) that only uses
peak locations, xed effects, and random effects meta-analsis that take into account
both peak location and height] and the amount of studies incided in the analysis (from 10
to 35). To do this, we apply a resampling scheme on a large datet (N D 1,400) to create
a test condition and compare this with an independent evalugon condition. The test
condition corresponds to subsampling participants into stidies and combine these using
meta-analyses. The evaluation condition corresponds to aigh-powered group analysis.
We observe the best performance when using mixed effects moels in individual studies
combined with a random effects meta-analysis. Moreover thgperformance increases
with the number of studies included in the meta-analysis. Whepeak height is not taken
into consideration, we show that the popular ALE proceduresia good alternative in terms
of the balance between type | and Il errors. However, it requés more studies compared
to other procedures in terms of activation reliability. Fally, we discuss the differences,
interpretations, and limitations of our results.
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Bossier et al. On Group Level Models and K in CBMA

INTRODUCTION (CBMA, see e.g.Paus, 1996; Paus et al., 1p9%hen full
o images (and hence information in all voxels) are available,
Over the past two decades, there has been a substantialsecregethods designed for image-based meta-analysis (IBMA) can

in the number of functional Magnetic Resonance Imaging (fMRI)be used $alimi-Khorshidi et al., 2009; Radua and Mataix-Cols,
studies, going from 20 publications in 1994 to over 5000 irpp1)).

2015. Despite this vast amount of fMRI literature, it remains |n this study, we focus on CBMA for which dierent
challenging to establish scienti ¢ truth. algorithms exist \(Vager et al., 2007; Radua et al., 2018
First, fMRI studies tend to have small sample sizes t@articular, we consider the popular Activation Likelihood
detect realistic e ect sizes (median estimated sample size fstimation (ALE) {urkeltaub et al., 2002, 20)land e ect
2015D 28.5;Poldrack et al., 20)7as among other causes sjze based methods such as seed basethpping (SBdM,
scanning participants is costly and time consuming. The largformerly called eect size-signed dierential mapping,
multiple testing problem and ensuing corrections make stieé RRID:SCR_002554)R@dua et al., 20)2The ALE algorithm
testing in fMRI conservative, thereby further reducing sttal  considers a reported local maximum as a center of a spatial
power or probability to detect true activatioriigberman and probability distribution. As such, the method only requires
Cunningham, 2009; Durnez et al., 2014As a consequence, the |ocation of the peak and then searches for brain regions
the probability that a statistically signi cant e ect re esttrue  where spatial convergence can be distinguished from random
activation is reducedRutton et al., 2013 This can lead to clustering of peaks. E ect size based methods on the other
more false negatives (missing true activation) as well a&8mohand transformt-values of reported local maxima into e ect
false positives (detecting activation where there is nome) isjze estimates and calculate a weighted average of the eelport
published fMRI studies. Second, the diversity of pre-processingvidence. The weights determine the underlying meta-aigly
steps and analysis pipelines have made fMRI studies challengiffbdel. For instance, the weights in seed baskahapping
to replicate Carp, 2012a)oeven though researchers recognizeinclude within-study and between-study variability which
the value of both reproducibility (obtaining identical parater  corresponds to a random e ects model. If the weights ignore
estimates compared to the original experiment using the sam@e between-study variability one obtains a xed e ects
analysis and daté?oldrack and Poline, 20)%@nd replicability model.
(the ability of an entire experiment to be replicated by gathgri  |n this paper, we evaluate the in uence of study characteristi
new data using the exact same materials and methBeds] on the statistical properties of CBMA techniques for fMRI.
et al., 2015 Roels et al. (201%-lIso showed there is variability Previous work byEickho et al. (2016aand Radua et al. (2012)
in the number of signicant features (i.e., peaks or clustersiready evaluated statistical properties of CBMA algorithms
of activity) depending on the data-analytical methods usedor tested software for implementation error&itkho et al.,
Several approaches have been oered to overcome the8816l). However, these studies did not study the e ect of input
challenges. A rst remediating step is to promote transpagenc characteristics at the individual study level on the perfare
pre-registration and open science initiatives such as datef these CBMA algorithms. We investigate the in uence of
sharing or using standardized protocols in organizing andhe group level model on the performance of various CBMA
managing data Koline et al., 2012; Pernet and Poline, 2015procedures. More specically, we test the e ect of pooling
Gorgolewski and Poldrack, 2016; Gorgolewski et al., 2018ubjects at the individual study level using either a xed ¢ssc
Poldrack et al., 20)7A second approach to establish scienti ¢ ordinary least squares (OLS) or mixed e ects group level rhode
truth across studies, is to accumulate knowledge by sadafifi ~ on the outcome of the meta-analyses methods mentioned above.
combining previous results using meta-analysiselferman As in Eickho et al. (2016a)we also evaluate the e ect of
and Cunningham, 2009; Yarkoni et al., 201@ombining the number of studies in the meta-analysi§)( Extending on
ndings across studies increases power to detect true e ectsheir work, we consider the case f& D 10, 12, 14, 16, 18,
while false positives are not expected to replicate acrossestudi20, 30, and 35 when using ALE as well as e ect size based
given a representative set of unbiased results. Furthermor€BMASs using a xed and random e ects model. We consider
meta-analyses can generate new scientic questionsvo performance measures: the balance between false positives

(Wager et al., 2009 and true positives and the activation reliability as a proxy fo
Originally, meta-analyses were developed to aggregatke singeplicability.
univariate e ect sizesgorenstein et al., 2009In an individual We approach this problem by applying a resampling scheme

fMRI study however, the brain is divided in a large amount ofon a large dataset from the IMAGEN projec@¢humann et al.,

arti cially created cubes (voxels). Until recently, the sfard 2010 and create meta-analyses (i.e., test conditions) which we
approach was to only report coordinates in 3D space ofompare against a high powered large sample size study as a
peaks of activity that survive a statistical threshold. Ehesreference (i.e., an evaluation condition).

are called foci, peaks, or local maxima. While guidelines are In the following section, we discuss the dataset, give a
shifting toward making statistical maps or full data sets of @heoretical overview of the three models to pool subjectsuatys
study available, many ndings in the literature only corsis level and discuss the three models for coordinate-based-met
of locations of activation. In these cases, an fMRI metaanalysis. In the sections thereafter, we present the desigmeof
analysis is limited to those voxels for which informationstudy with the chosen performance measures and discuss our
is at hand. This is termed a coordinate-based meta-analysisdings.
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MATERIALS AND METHODS corresponding to 96% of the median number of masked voxels

over all subjects in the database.
The code containing the design and analysis of the results

in this paper are available at: https:/github.com/NeuroStatGroup Level Models
PaperStudyCharCBMA. Localizing signi cant brain activity in an fMRI data-analyss
based on the statistical parametric map of contrasting ctonk
associated with all participants involved in an experiment. In
Data this study, we focus on the univariate approach in which
We use preprocessed data from the IMAGEN projéxtifumann  activation is tested in a voxelwise manner through GLMs. Due
et al., 201 This is a large genetic-neuroimaging study onto computational constraints, the analysis is typically exedin
reinforcement-related behavior in adolescents with thelgo  a two stage GLM procedurééckmann et al., 2003In a rst
identify its predictive value for the development of frequentstep, the measured time series (BOLD signal) of each subject
psychiatric disorders across Europe. The database contaigsmodeled by a linear combination of nuisance terms and the
fMRI data from 1,487 adolescents aged between 13 and &xpected time series under the experimental designsion
years, acquired across several research centers on 3 Teslal., 199% Note that such a model is tted for each voxel
scanners from dierent manufactures. The data are storedy (v D 1, :::, S separately. In a second step, parameter
and preprocessed at the Neurospimenter (France) using estimates obtained at the rst stage are combined dVvsubjects
SPM# (Statistical Parametric Mapping: Wellcome Departmentio obtain group level estimates. More particularly, we use the

of Cognitive Neurology, London, UK). vector of estimated rst level contrastssYD oy, :::, By |,

The scanning sessions of interest involved a global cagniti wherecrepresents a contrast vector. Ignoring the subsorifatr
assessment. In a fast-event related design, participant®féml  oxels, we estimate the following model:

a series of alternating cognitive/motor tasks. While thiakseries

contains 10 types of tasks, we restrict our analysis to oneasint Yg D Xgbg C +g (1)

of two types. These are (1) reading sentences in silence and (2

solving math subtractions in silence. The math questionsewe in which Xg is a group design matrix ant a mixed-e ects zero

single digits (0-9) that had to be subtracted from a digitvietn  mean error component containing between subject variapilit

11 and 20. Each of these two type of trials were presented for &hid within subject variability. In the simplest case, we are

times with a probabilistic inter-stimulus interval of on aege interested in the average group activation. Therefore, rwhe

3s (see als@inel et al., 2007 We use the contrast MATH> testing the null hypothesislg of no group activationlfc D 0),

LANGUAGE (2-1) for this study. Xg is a column vector of lengtiN with all elements equal to 1
A BOLD time series was recorded for each participant usingnd the test statistic is identical to a one-samntpiest:

echoplanar imaging with an isotropic voxel size of 3.4mm,

and temporal resolutions of 2.2s. A total of 160 volumes were B
. o : . TD g7/ 2
obtained. For each participant, a structural T1l-weighteddgma v\ar (g ) @
G

(based on the ADNI protocofswas acquired for registration.

Preprocessing included slice-timing correction, movemen{Jnder the assumption th N(O, s21), this test statistic
. : . ) ats 135G )
correction, coregistration to the segmented structural Tlfollows at-distribution under Hy. Alternatively, it is possible

weighted images, non-linear warping on the MNI space usin . . .
a custom EPI template and spatial smoothing of the signal wit?no test dierences between groups of subjects (e.g., patients v

a 5mm Gaussian Kernel (Imagen fMRI data analysis method%,on.tro's) by_ mcorporat_mg additional regressors n the gpo
L esign matrix. As statistical tests are performed in all {®xe
revision2, July 2010).

. . . . __simultaneously, adjustments for multiple testing need to be
In the rst level analysis, all experimental manipulations:
. . . imposed.
were modeled using a general linear model (GLM) with a . ' .
. . . Several methods are available to estingeand varpg) in
standard autoregressive [AR(1)] noise model and 18 estithate . - .
. . - model (2). We consider the Ordinary Least Squares (OLSgdFix
movement parameters as nuisance terms. This resulted in . .
statistical map for each parameter estimate and a map rengcti ects (FE) and Mixed E ects (ME) approaches. In this study, we
P P PTA8CY | \se the FSL (RRID:SCR_002823) software libraryifh et al.,

the residual variance of the model t. In this study, we use fo . . d
L ! 2009 and therefore only outline the implementation of these
each participant (1) the contrast map or the di erence between

the parameter estimate maps for MATH and LANGUAGE andme”.1OOIS as.descrlbed WOO'“‘?h etal. (2004)For a discussion
) . of dierent implementations in other software packages, see
(2) a variance (squared standard error) image for that casitr .
. . . . - . Mumford and Nichols (2006)
derived from the residual variance map. After visual inspmtcti
for errors or artifacts we removed 87 participants from WhiChOrdinary Least Squares

parts of the brain were missing. To automate, we used a Cut-o, the OLS procedureH{olmes and Friston, 1998one assumes
that within subject variability is equal across all sulgdoesulting
Lhttp://i2bm.cea.fr/drf/i2bm/english/Pages/NeuroSpin/Presgion.aspx In homOgeneous rgsm!ual Vanance)' In the S|mple Case_ Of@ek
2http:/iwww. |.ion.ucl.ac.uk/spmisoftware/spmg/ group average activation, and as showivinmford and Nichols
3http://adni.loni.usc.edu/methods/documents/mri-protocols/ (2009) @ in model (2) can be estimated B@LS D XsYo
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where—denotes the pseudo inverse. The residual error \@ian ¢ is assumed to approximate a multivaridteistribution with
pp

(2)LS is estimated asYg  XcBoLs t (Yo XdBor9d=(N 1), non-centrality parameteﬁg. A !ower bound on the number of
and therefore vatfo, ) can be estimated aX!X 113(218 Under .degrees of freedpm (&N, Po Wlth pc the amount of pargmeters
the assumption of Gaussian distributed error terms, theitegy " the group design matrix ¥) is used for the voxels with a test
testis equal to a one-sampikéest with N 1 degrees of freedom Stalistic close tozeroand an EM algorith(mpster etal., 19§7
(dof) on the contrast of parameter estimates dbtained at the is employed to estimate the e ective degrees of freedom inlgoxe
rst level that are close to the signi cance threshold. In FSL, this elad

In FSL, this model is termenhixed e ects: simple OLS termedmixed e ects: FLAMEL2.

Fixed and Mixed Effects Coordinate-Based Meta-Analyses
Both for the xed and mixed e ects modelsg in model (2) and ALE
var( ) are estimated as follows: Coordinate based meta-analyses combine coordinates from
several studies to assess convergence of the location iof bra
Bg D XtG\W IXg lxtGW vyg (3) activation. The ALE algorithmTurkeltaub et al., 2002, 20)L.2
1 starts by creating an activation probability map for eachdgtu

t 1
var@g) D XGW Xa () in the meta-analysis. The location of each reported peak in a

, . ) ) study is modeled using a Gaussian kernel to re ect the spatial
with W a weighting matrix. As is the case for OLS, the errorncertainty of the peak activation. Voxels where kernelslape
terms in model 2 are typically assumed to follow a Gaussiag,e to multiple nearby peaks take the maximum probability.
distribution. In the xed e ects model, the weights in W ney an ALE map is calculated by taking the voxelwise union of
correspond to the within subject variability only (ignoring e hropabilities over all studies g is the probability of a peak
between subject variability). Hence, W is &h N matrix o+ yoxelv (v D 1,:::,Sibastudym (m D 1,:::,K), then the

equal to: union is de ned as: 1 ,';D 1 (1 pym). A null distribution

0., 1 created with non-linear histogram integration is used for
¢ 0 O . : )
1 uncorrected voxel-level inference under the assumptiompafial
W D %30 .0 X (5) independence Hickho et al., 201). Various corrections for
0 0863 multiple comparisons are available in ALE, but based on the

large-scale simulation study igickho et al. (2016a) cluster-
Thus,bg is equal to a weighted average of the rst level contrastevel family-wise error (cFWE) correction is preferred as it
parameters with the weights corresponding to the inverse ef thprovides the highest power to detect a true underlying e ectiehi
within subject variances. These variances are easilyastihat Peing less susceptible to spurious activation in the metdyaisa
the rst level of the GLM procedure. The number of degrees ofAll ALE calculations were implemented using MATLAB scripts
freedom in the xed e ects model equals the number of scangvhich corresponds to the ALE algorithm as describeftickho
per subject times the sample size at the second level minus théal. (2009, 2012, 2016md Turkeltaub et al. (2014)rovided to
number of estimated parameters. Note, FSL restricts the mimbUs by Prof. dr. Simon Eickho (personal communication).
of dof to a maximum of 1,000 and is set equal to 999 when no
information on the number of scans at the rst level is provile a@ndom Effects CBMA

In FSL, this model is termected e ects An alternative approach is to use the associatedlues of
For the mixed e ects model, between subject variabilig)( reported peaks to estimate corres_ponding e ec_t sizes, enabl?ng
is incorporated into the weighting matrix: weighted average of these e ect sizes. Depending on the vgeight
this results in a random or xed e ects meta-analysis model. To
2 (bi Chk?) 0 0 3 evaluate the performance of these e ect size based methods, we
w 2 o E use the seed baseldmapping algorithm (SBdM), as described
D 0 . 0 ®) in Radua et al. (2012However, we have carefully replicated
0 0 (sﬁ Ci?) this algorithm in R R Development Core Team, 201fo

e ciently develop a xed e ects meta-analysis implementation
Estimating the variance components of the mixed e ects mode(see below). The interested reader can nd this implementati
is complicated as (1) multiple components need to be estimateid the GitHub repository mentioned above. As we cannot exclude
and (2) there are typically only a few measurements on thengkeco slightly divergent results compared to the standalone versif
level to estimate 2. FSL relies on a fully Bayesian framework withSBdM, we choose to refer to this implementation as random
reference priors\(Voolrich et al., 2004 Inference on g inmodel e ects CBMA. We follow the guidelines for signi cance testirgy a
(2) then depends on its posterior distribution, conditional the  described irRadua et al. (2012Unlike ALE, the method assigns
observed dataMumford and Nichols, 2006 As suggested in e ect sizes to voxels. These correspond to the standardizesthme
Woolrich et al. (2004)a fast approximation is used rst and then (for a one sample design) known as Hedge§Hedges, 1991
on voxels close to signi cance thresholding a slower Markovobtained from the peak heightym in studym (m D 1,:::,K)
Chain-Monte-Carlo sampling framework is applied to estimate
all parameters of interest. The posterior marginal distribotof  *http://imwww.sdmproject.com
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and voxelv (v D 1, :::,9. For a given peak with heigh{m Design

stemming from a one-samplietest andNy, subjects, the e ect In this section, we describe the set-up of our study to test th

sizegym and a correction factody, is given by: e ect of pooling subjects at the individual study level on the
outcome of methods for CBMA.

th
Gm D pi *n ™ Resampling Scheme
3 The general study design is depictedRigure 2 To assess the
hD1 4 Nn U/ 1 ®) activation reliability of the outcome of the methods for CBMA
' ' we need to start with creating independent subsets of subject
First, all coordinates of local maxima are smoothed using afalled folds. In one-fold (I D 1, :::, 1), N; subjects are

unnormalized Gaussian kernel. The resulting map repredents Sampled without replacement into an evaluation condition while
each voxel the distance to a nearby peak. E ect sizes in voxd¥ di erent subjects go into a test condition. Next, the subgect
surrounding a peak are then obtained through multiplicationin the test condition are subsampled inkosmaller studies with
of the peak e ect size calculated using Equation (7) and th&arying sample sizes (medh 20, SDD 5). No subsampling
smoothed map. The e ect size in voxels where kernels overlap fgstriction into theK studies is imposed. Each fold is used once
an average weighted by the square of the distance to eachynea®s @ test condition and once as an evaluation condition. Nab fo
peak. Once an e ect sizg,, (i.e., the smoothed standardized can simultaneously be the test and evaluation condition.

e ect size) is obtained in each voxel (which will be zero forelex ~ Note that our design results in atrade-o between the number
that are not near a peak), the variance of this e ect size isinbth  Of independent folds1{ and the number of subjects per fold

as follows Hedges and Olkin, 1995 (N)). Moreover, we also vary the number of studies in the
5 3 meta-analysis. InTable 1, we list the several scenarios of the
0 0 Mo 2 12 resampling scheme. It contains the number of studi€} the
1 2 @ 2 A Nm 3/?, 2 corresponding number of maximum independent fold3 &and
var g, D —C41 g . . .
Nm o Nm U 2 the corresponding sample siz&J. Note that the maximum

2 amount of studies equalk D 35 as we then use all subjects

(9) inthe database to construct an independent test and evaluati

condition.
Combining all studies proceeds by calculating the weighted
average through a random e ects model: Test Condition
p The K studies in the test condition are all analyzed using FSL,
D r';‘D 1Uwm  Om 10) version 5.0.6. Every second level GLM model (FE, OLS, and ME)
v " rlqu 1Uum ( is tted to each of theK studies with the FLAME TC 2 option

for the mixed e ects models. We only test for average group
with the weights inUym being the inverse of the sum of both activation.
the within study variability (estimated using Equation 9)the To obtain local maxima, we search for clusters of signi cant
between study variability £). The latter is estimated through activity in the K studies of the test condition because clusters
the DerSimonian and Laird estimatobérSimonian and Laird, Provide an intuitive way of de ning local maxima (i.e., the

1984. highest peak within each cluster). To control for multiple tegt
Ina nal step, the null hypothesislo: D 0 is calculated we rst determine a threshold such that the voxelwise false
p— discovery rate (FDR) is controlled at level 0.05. Then, we
with the following Z-test: Z, D v= 1= [p1Um  determine clusters using a 26-voxel neighborhood algorith

(Borenstein et al., 2009A permutation approach with 20 BY doing so, we obtain local maxima, but avoid clusterwise
iterations is used to create a combined null-distribution, i inference whichis shown to be conservatiii(ind et al., 2016

which each iteration is a whole brain permutation with close t for event-related designs and FSL's mixed e ects group level
100,000 values. To optimally balance sensitivity and spiégi ¢ models. The average observed FDR threshold in this studyequa
a threshold ofP D 0.005 andZ > 1 is recommended, instead of Z D 3.18. The resulting coordinates of the foci from each study
classical multiple comparisons correctiorfsadua et al., 20)2 with the number of subjects are then used as input for the ALE

Since the e ect size is imputed as 0 in voxels far from any pgak, Meta-analysis. The correspondinigvalues (peak heights) are
> 1is a lot more unlikely under the empirical null distribution ~ added for the xed and random e ects coordinate-based meta-

analyses. To identify signi cant voxels in the resulting met
Fixed Effects CBMA analyses, we apply the recommended procedures as described in
Finally, we also evaluate the performance of a xed e ects CBMAsection Coordinate-Based Meta-Analyses. For ALE, a voxelwise
This procedure only di ers from the random e ects CBMA with threshold uncorrected for multiple testing is used at leve0Q,0
respect to the weights. A xed e ects modelignores hetero@ggne as well as a cluster-level family-wise error (cFWE) corredio
across studies and only uses the within study variability tonultiple testing at level 0.05. For the xed and random e ects
calculate the weight&)ym. An illustration of ALE and an e ect CBMA we use a threshold & > 1 and atP D 0.005,
size based CBMA prior to thresholding can be seeRigure 1 uncorrected for multiple testing. To complement the comparison
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FIGURE 1 | lllustration of ALE and an effect size based CBMA. Reported aodinates are rst modeled by applying a Gaussian kernel. Tree are then combined
either through calculating probabilities or by transformig the test-statistics to effect sizes and calculate a weigted average. Note that for illustration purpose, we only|
plot the values> 0 in the histograms. lllustration is prior to thresholding.

between the di erent methods for CBMA, we include an analysi€valuation Condition

with xed and random e ects CBMA with a threshold at Finally, theN; subjects in the evaluation condition are combined
P D 0.001. Since this thresholding procedure for the xed andn one large, high powered study, using a mixed e ects model. To
random e ects CBMA has not yet been validatédadua et al., control for multiple testing and balance sensitivity and spgti
2019, we refer to this analysis in the Supplementary Materialin this large sample, we apply a more conservative threshold
section 6. such that the voxelwise FDR is controlled at level 0.001. The
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FIGURE 2 | Design of the study illustrating the calculation of false pgitives and true positives and reliability using an evaldah condition (EVAL) and test condition
(TEST).

TABLE 1 | Overview of the different designs considered. di erent thresholds. One using a voxelwise FDR at level 0.05
and a second using an uncorrected threshold at level 0.001.

— rode @ sample size N por sparseness, we include these results in the Supplementary
10 7 200 Material. Furthermore, we do not model all available sutsiec

12 5 240 into the evaluation condition, but a set of; di erent subjects

14 5 280 with respect to the test condition. This ensures that theeatidn

16 4 320 condition is based on independent data. Next, by having arakqu

18 3 360 sample size in both conditions one can consider the evaluation
20 3 400 condition as a perfect scenario in which all data is avail&nle

30 ) 600 aggregation, while the test condition is the scenario inalihive

35 5 700 need to aggregate censored summary results in the form of peak

coordinates.

The number of studies in the meta-analysis determines the number of indepeent folds
and subsequent total sample size in the test and evaluation condition.

Performance Measures

To assess the performance of the di erent procedures for CBMA,
resulting map serves as a reference/benchmark image for thee use two di erent measures: the balance between false pssitive
meta-analysis results obtained in the test condition. Nibtet and true positives in receiver operator characteristic (ROC)
a threshold for the sample in the evaluation condition coul b curves and activation reliability as a proxy for replicalilit
chosenin di erent ways so deviations from the benchmark imag

should not be interpreted in an absolute manner but comparedROC Curves

between methods in a relative manner. To this extent, we alsBtatistical tests are often evaluated based on the extent to
compare the test condition with two evaluation conditionsngs  which they are able to minimize the number of false positives
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(detecting signal where there is none) while maximizing therhis measure ranges from 0 (no overlap) to 1 (perfect overlap).
amount of true positive hits (detecting true signal). ReceiveNote that this is an adaptation of tHeice (1945pr the Sgrensen
operator characteristic (ROC) curves plot the observed tru€l948)similarity coe cient.
positive rate (TPR) against the observed false positive rédB)YF  As a second method to quantify reliability, we describe the
as the threshold for signi cance | is gradually incremented. amount of unique information captured in each fold. We rst
To calculate true and false positives, we compare the resulisantify the number of times out of thiefolds a voxel is declared
from the meta-analysis in the test condition with the refece  signi cant and visualize this on a heatmap. We do the same
image in the evaluation condition (EVAL ofrigure 2). The for the | reference images from the evaluation condition. As
TPR or sensitivity is calculated as the number of voxels tha comparison, we include the average e ect size map obtained
are statistically signi cant in both the meta-analysis magpda using again the reference images. Next, we run a 26-pointisear
the reference map divided by the total number of voxels tbat ineighboring algorithm on each thresholded meta-analysis to
statistically signi cant in the reference map. The FPR okéait  calculate the frequency of clusters of at least one statfigtica
is calculated as the number of voxels that is statisticaglyisant  signi cant voxel. We record the average cluster size expdesse
in the meta-analysis map but not in the reference map divided in number of voxels. We then assess the number of unique
the total number of voxels that is NOT statistically sigrarmt in  clusters across the pairwise combinations. A cluster of Stzlkt
the reference map. signi cant voxels in imageaiis unique if no single voxel from this
Because the TPR and FPR are calculated voxelwise, wlaster overlaps with a cluster of statistically signi canixets
construct the ROC curves based on uncorregtedhlues for the in the paired imageb. We nally determine the amount of
meta-analyses by incrementing the signi cance level, glsben  these unique clusters that are large (we have set the thHdesho
0 to 1. Finally, we average over théolds the individual ROC for large at 50 voxels) and divide this by the total amount of
curves and additionally use the area under the curve (AUC) asdatistically signi cant clusters to obtain the proportioff large
summary measure. Higher AUC values indicate a better balanemique clusters. Additionally, we study the number of cluster
in discriminating between false positive and true positiveels.  and cluster sizes for both unique and overlapping clusters to ge
Since the ALE algorithm uses an MNI brain template with aan overview, independent of the chosen threshold on the aluste
higher resolution (2 mm voxels, dimensions 91109 91)than size. Given a sample size, smaller amounts of (large) unique
the (pre-processed) IMAGEN data (3mm voxels, dimensionslusters imply a higher pairwise reliability. For sparseness, w
53 63 46), the reference image is also resampled to Bmit these calculations t& D 10, 20, and 35.
higher resolution so that it matches the resolution of theEAL
images. We apply a linear a ne transformation with 12 degreesRESULTS
of freedom from the EPI template of the IMAGEN dataset to
the MNI brain template, using a correlation ratio cost funetio ROC Curves
(Jenkinson et al., 20pand trilinear interpolation in FSL. As the In Figures 3-5 we present the average ROC curves (over folds)
xed and random e ects meta-analyses model the local maximahat show the observed true positive rate against the observed
using the same brain template as the IMAGEN data, no sucfalse positive rate for selected valueskoD 10, 20, and 35
transformation is needed here to calculate the ROC curves.  over the entire range of. ROC curves for all values &f are
included in the Supplementary Material, section 1. Some resader
might prefer to look at ROC curves for which 2 [0,0.] and
the standardized partial AUQYcClish, 198). We include these

of replicating results. We de ne replicability as the ability gures in the Supplementary Material,sectio_n 2. we obse_rve the
to repeat the results of an experiment using the exact sa me patterns whe@ [0,0.1. Recall that given comparisons

materials, procedures and methods, but with a di erent set O?re mla‘?e with the'referencer:ma%e, lall valu?:s s'rl]ogld bedused
subjects. There is no consensus in the literature on thisiden or relative comparisans as the absolute AUC will depend on

as other authors use terms such as strong replicable results IES?W th_e reference image is deterr_mned. We refer to section 3
direct reproduction to indicate the same concepte(net and and 4 in the Supplementary Material for ROC curves based on
Poline, 2015; Patil et al., 2018Ne quantify reliability in two reference images with di erent levels of statistical thredny.

ways. First, we measure the overlap of results between. foldd general, these curves show similar relative results a_setho
We calculate the percent overlap of activatidriaftra, 2010 presented below. Finally, we plot the average AUC for ¢ash

between all'—('z—ll pairwise combinations of thé unique Figure 6.

2 . . To formally test the e ect of the group level models, the
folds qf the des_lgnf(lgure 2. Let.v@b represent the intersection methods for CBMA an& on the AUC, we also t a linear mixed
of statistically signi cant voxels in imageandb, V5 the amount

of statistically signi cant voxels in imageandV}, the amount of model with a random intercept for group level models. We use

statistically signi cant voxels in image The overlag 4, is then Wald statistical tests for the main e ects and the interastio
de ned aS'y 9 ab e ect between group level models and the methods for CBMA.

Results reveal signi cant main e ects for the group level miode

2 D 28.68P< 0.001), the methods for CBMA g D 155.00,

b Vap 1) P < 0.001) andK ( 2 D 36.01,P < 0.001). Furthermore,
*ab VaCVp Vap we observe a signi cant interaction e ect between the group

Reliability
We consider activation reliability as an indicator for thecsess
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FIGURE 3 | ROC curves ( 1 standard deviation), averaged ovel D 7 folds
plotting the observed true positive rate against the obserd false positive rate
for K D 10. The columns correspond to the coordinate-based meta-aalyses
(left, ALE uncorrected procedure; middle, xed effects metaanalysis; right,
random effects meta-analysis). The rows correspond to theecond level GLM
pooling models fop, OLS; middle , xed effects; bottom , mixed effects). For
each of those, the area under the curve (AUC) is calculated drshown within
the plot. The drop-down lines correspond to the point at whid the

pre-speci ed nominal level is set at an uncorrected level of 0.05.

N
False Positive Rate (K = 20)

FIGURE 4 | ROC curves ( 1 standard deviation), averaged over D 3 folds
plotting the observed true positive rate against the obserd false positive rate
for K D 20. The columns correspond to the coordinate-based meta-aalyses
(left, ALE uncorrected procedure; middle, xed effects metaanalysis; right,
random effects meta-analysis). The rows correspond to theecond level GLM
pooling models op, OLS; middle , xed effects; bottom , mixed effects). For
each of those, the area under the curve (AUC) is calculated drshown within
the plot. The drop-down lines correspond to the point at whid the

pre-speci ed nominal level is set at an uncorrected level of 0.05.

level models and the models for meta-analysi§ (D 48.10,

model. The tted regression lines are also showikrigure 6.

uncorrected threshold of 0.05 never exceeds 0.5 for ALE yn an
P < 0.001). No other two-way or three-way interaction e ectsof the scenarios, while the TPR of the xed and random e ects

are signi cant. These terms are subsequently excluded filen t CBMA methods approaches 0.6 when combining mixed or xed
e ects group level models with a higher amount of studies in the

We observe higher values for the AUC using xed andmeta-analysis.
random e ects models compared to ALE. The only exception As can be seen iRigure 6, the OLS model (compared to xed

is observed for the combination of OLS and ALE #rD 18

and mixed e ects group models) is associated with lower values
and 35. Only small di erences are observed between the xedfthe AUC inthe xed and random e ects meta-analysis. Using
and random e ects meta-analysis. The observed TPR at aALE on the other hand, we observe consistently low values using
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FIGURE 5 | ROC curves ( 1 standard deviation), averaged ovel D 2 folds
plotting the observed true positive rate against the obserd false positive rate
for K D 35. The columns correspond to the coordinate-based meta-aalyses
(left, ALE uncorrected procedure; middle, xed effects metaanalysis; right,
random effects meta-analysis). The rows correspond to theecond level GLM
pooling models fop, OLS; middle , xed effects; bottom , mixed effects). For
each of those, the area under the curve (AUC) is calculated drshown within
the plot. For each of those, the area under the curve (AUC) isatculated and
shown within the plot. The drop-down lines correspond to thepoint at which
the pre-speci ed nominal level is set at an uncorrected level of 0.05.

0.87 (random e ects MA) to respectively 0.85, 0.89, and 0.89 in
K D 20. Adding even more studie& (D 35) is associated with
a further increase to 0.86 of the average AUC for ALE, but not
forthe xed (0.89) and random e ects (0.89) meta-analysesoAl
note the ceiling e ect wherkK 20 for the xed and random
e ects meta-analyses using mixed e ects group models.

Overall, the best balance between TPR and FPR detection is
observed when using mixed e ects group level models together
with a xed or random e ects meta-analysis.

Reliability

Figures 79 display the percent overlap of activation 6D 10,

20, and 35. We refer to the Supplementary Material, section
5 for other values oK. We plot the average overlap between
independent folds for all values &fin Figure 1Q Furthermore,

we compare the thresholded outcome images of the methods
for CBMA at P D 0.001. However, we do not observe
di erences from the results using the recommended procedures
for statistical inference. Hence, the average overlaplfealies

of K using the (uncorrected) statistical threshold is given ie th
Supplementary Material, section 6.

Noticeably, the overlap values have a wide range from 0.07
(OLS, ALE cFWEK D 10) to a moderate 0.69 ( xed e ects group
level model, random e ects MA D 35). Average overlap values
overl folds and the group level models/CBMA methods can be
foundinTable 2 Again, as the overlap between thresholded maps
depends on the chosen threshold, it is better to focus on the
relative performances of the group level models and methods f
CBMA.

As with the AUC, we t a linear mixed model with a
random intercept for group level models on the measured @ayerl
between folds. Results reveal signi cant main e ects for tioig
level model (22 D 1199.84P < 0.001), the methods for
CBMA ( 2 D 3547.68P < 0.001) anK ( 2 D 1010.09,

P < 0.001). Furthermore, we observe a signi cant interaction
e ect between the group level models and the models for meta-
analysis (62 D 45.95,P < 0.001) and a signi cant 3-way
interaction e ect between group level models, models for CBMA
andK ( 2 D 15.88P D 0.014). No other interaction terms are
signi cant. The tted regression line is plotted iRigure 10

Similar to the ROC curves, we observe higher overlap when
more studies are added to the meta-analysis. Furthermord, bot
ALE thresholding methods are associated with lower valdes o
overlap compared to the xed and random e ects meta-analysis.
In contrast to the ROC curves, the maximum overlap value
observed in ALE is low and does not approach the performance
of the xed and random e ects meta-analysis. We only observe
small di erences between the xed and random e ects meta-

xed e ects group level models. The mixed e ects group modelsanalysis. FoK D 10, we observe mostly higher values using a

outperform the xed e ects models. For two casds D 18 and

random e ects meta-analysis.

35, ALE) does an OLS group model outperform the mixed e ects Regarding the group level models, OLS models are associated

model.

with lower coe cients of overlap than xed and mixed e ects

Finally, for all CBMA methods, increasing the number ofmodels. In general, we observe higher values using xed
studies in the meta-analysis results in a higher AUC. Theayeer e ects models compared to mixed e ects models, though
AUC of the meta-analyses, regardless of the group level modethese di erences are much smaller. These patterns are similar
increases fok D 10 from 0.82 (ALE), 0.86 ( xed e ects MA) and regardless of the CBMA method and study set &ize
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FIGURE 6 | Values of the area under the curve averaged over all folds fatl K. The 3 panes correspond to the methods of CBMA while the 3 colos correspond to the
group models. Solid lines are the observed values of the AUThe dashed lines correspond to the tted regression lines.

Given the results on the overlap values, we look for similae ects group level models show in most cases similar values.
patterns using the heatmaps at MiHcoordinate 50 foK D 10 ~ We include the distributions of the number of overlapping and
(Figure 11A), K D 20 (Figure 12A), andK D 35 (Figure 134)  unique detected clusters as well as the cluster sizes inis&atio
and in the results detailing the amount of unique informatim  the Supplementary Material. These distributions show the same
each iteration Table 3. patterns as depicted ifable 3

Regarding ALE, we clearly observe smaller regions of To conclude, models such as the OLS group level model (for
activation with a higher percentage of large unique cluster& D 10 and 20) and the ALE meta-analyses that are characterized
compared to the xed and random e ects meta-analysis,with low overlap values are either associated with smalletets
especially in smaK. However, we do observe convergence in thef statistically signi cant voxels or higher percentagedasfie
ALE results to the brain regions characterized by (1) cdests unique clusters.
statistically signi cant declared voxelEigures 11B 12B, 13B)
and (2) high e ect sizes in the reference imagegy@res 11¢  Between Study Variability
12C 130). The xed and random e ects meta-analyses do deteciVe observe no substantial di erences between the xed and
larger regions, but are not necessarily constrained to ttaete random e ects meta-analysis in most results. Since we are
spatial shape of activated regions observed in the referenesmrking with one large database of a homogenous sample
images. executing the same paradigm, between study variability is

The di erence in the degree of unique information betweenlimited. To illustrate, we refer to section 8 in the Supplemeyta
uncorrected ALE and ALE cFWE is more detailed than theMaterial depicting the distributions across all voxels afdsen-
observed overlap values. Uncorrected ALE is associatedhéth study variability and within-study variability, averageuen all
highest (out of any meta-analysis) detection rate of snhaditers.  folds.

This in turn leads to an in ated number of (small and large) To investigate this further, we look at the between study
unique clusters. However, we observe the highest percentdge variability, estimated by? in the weights Uy in Equation 10)
large unique clusters using ALE cFWE. Only small di erence®f the random-e ects meta-analysis f&rD 10. InFigure 14 we
between the xed and random e ects meta-analyses are observedisplay the averagemap (over 7-folds) of the reference images

Regarding the group level models, we see on average less aner 4 slices along the z-axis. We then plot the estimafeidom
smaller clusters of statistically signi cant voxels agsted with  the random e ects meta-analyses combined with the statidyical
the OLS group level models compared to the xed and mixedsigni cant voxels depicting the weighted averages of thelcan
e ects models. This is true for every study set dizeHowever, e ects meta-analysis.
for small study set sizes suchka® 10 and 20, the OLS modelis ~ We observe the higher levels of between study heterogeneity
associated with a higher percentage of large unique clusters mostly in the same regions that are statistically signi camt
K D 35, this is the opposite as the OLS model has on average tttee random (and xed) e ects meta-analysigigure 14. OLS
lowest percentage of large unique clusters. The xed and dhixepooling generates less between study heterogeneity comimared
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FIGURE 7 | Percent overlap of activation!( 4 ) from all pairwise comparisons fok D 10. The rows represent the group level models (top to bottom:xed effects,
mixed effects and OLS). The columns represent the threshotl meta-analyses. From left to right: ALE cFWE at 0.05, ALE worrected at 0.001 and xed and
random effects CBMA at 0.005 withZ > 1.

xed and mixed e ects pooling. This corresponds to the overallpooling subjects within studies and (b) a meta-analytic noeth
smaller di erences in performance between xed and randomfor pooling studies. For (a), we considered OLS, xed e ects
e ects meta-analysis we observe when using OLS pooling (e.gnd mixed e ects modeling in FSL and for (b) we considered an

seeFigures 6 10). activation likelihood estimation (ALE), a xed e ects codrate-
based meta-analysis and a random e ects coordinate-based
DISCUSSION meta-analysis. We generated meta-analyses consisting of 10—

35 studies. The evaluation condition corresponded to a high-
In this paper, we studied how (1) the balance between false am@wered image that was used as a reference outcome for
true positives and (2) activation reliability for variousardinate- ~ comparison with the meta-analytical results.
based meta-analysis (CBMA) methods in fMRI is in uenced by Comparing the test and evaluation condition enabled to
an analytic choice at the study level. We applied a resamplingplculate false and true positive hits of the meta-analyses
scheme on a large existing datasst) 1,400) to create a test depicted in ROC curves for each specic combination. By
condition and an independent evaluation condition. Eacht tesresampling within test conditions, we explored various measur
condition corresponds to a combination of (a) a method forof reliability.
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1 2

In our study, we found the most optimal balance betweera loss of power depending on the sample size and the extent to
false and true positives when combining a mixed e ects groupvhich the assumption of homogeneous within subject varigbil
level model with a random e ects meta-analysis. FORO is violated (see alsériston et al., 2005 Our results are in
studies in the meta-analyses, adding more studies lead toliae with Roels et al. (2016)ho show favorable ROC curves
better balance for this analysis pipeline. When the meta-aimly in parametric testing of the mixed e ects group level model
contained at least 20 studies, there was no further conasiider compared to OLS.
improvement by adding studies. Our results further indictitat Regarding the methods for CBMA, it can be noted that even
the combination of a random e ects meta-analysis performedhough ALE only includes peak location and not peak height
better with respect to activation reliability when combinsidh a (e ect size), results converge to the same brain region<ésso
xed or mixed e ects group level model. There are however twowith high e ect sizes in the reference images. Subsequenhty,
disadvantages when using xed e ects group level modelst,FirsALE results tend to involve brain regions that correspondtte t
inference is restricted to the participants included in thadst  detected regions in the reference imadgeskho et al. (2016a)
(Mumford and Nichols, 2006 Second, it has been shown thatdemonstrate that ALE meta-analyses require at least 20estudi
xed e ects models tend to be liberalMumford and Nichols, to achieve a reasonable power. On the other hand, our results
2006. Hence, comparing two images with a large amount ofalready indicate a relatively good balance between type llland
positive hits (either be true or false positives) likely cepends errors across the entire range ofwhenK D 10, using mixed
with an increased overlap. e ects group models. We do observe mostly higher values for

Noticeably, the ROC curves demonstrate a worse balantke AUC using meta-analysis models relying on (standardized)
between false and true positives when OLS group level modedsect sizes. As this di erence is small, our ndings di er from
are used to pool subjects within studies, regardless of thametRadua et al. (2012)vho observe much lower values for sensitivity
analysis. As shown iilumford and Nichols (2009)OLS models when comparing ALE to seed basgdanapping. Their study was
tend to be associated with conservative hypothesis testidg alimited however to 10 studies per meta-analysis. Furthermore,
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FIGURE 9 | Percent overlap of activation!(4 p) from all pairwise comparisons foK D 35. The rows represent the group level modelstép to bottom : xed effects,
mixed effects and OLS). The columns represent the threshotdl meta-analyses. From left to right: ALE cFWE at 0.05, ALE worrected at 0.001 and xed and
random effects CBMA at 0.005 withZ > 1.

these authors applied a FDR correction in ALE (at level 0.05h a replication setting, depending on the sample size and the
which is shown to be relatively low in sensitivity and susitépt observed e ect size. Furthermore, one expects to observehigh
to spurious activation for ALE maps=(ckho et al.,, 2016p  values of activation overlap between images with a higheuamo
We on the other hand looked at a range of false positive ratesf signi cantly activated voxels. Note that users can malyual
given a signi cance level which enables to study the power of increase the FWHM. Third, the various methods use di erent
procedures at an observed false positive rate. approaches to correct for the multiple testing problem. For ALE
However, we observed a considerably lower activatiomwe used the cFWE correction that was extensively validated i
reliability when using ALE compared with the xed and random Eickho et al. (2016a)The xed and random e ects CBMA was
e ects methods for CBMA, even when 35 studies were include@mplemented using the recommended thresholding of seeddbase
in the meta-analysis. We propose the following explanationsd-mapping that relies on two (uncorrected) thresholds rather
First in low study set sizes and as shownkitkho et al. than explicitly correcting®-values. It remains unclear how this
(2016a) ALE results that include only 10 studies are moretwo-step thresholding procedure behaves in a range of smanar
likely to be driven by one single experiment. Second, the twavhere both the amount and location of peaks with respect to the
approaches di er in the kernel sizes when modeling the focitrue e ect varies strongly.
As described irRadua et al. (2012and Eickho et al. (2009) We conclude with discussing some shortcomings of this
the ALE algorithm relies on kernels with a smaller full-width paper. First, we did not investigate adaptive smoothing kernel
at half maximum (FWHM) than the xed and random e ects such as the anisotropic kernel describediadua et al. (2014)
meta-analyses. For the latter, the FWHM is validated at 20 mrithis type of kernel incorporates spatial information of theibra
(Radua et al., 20)2While for ALE, the FWHM is validated at structure. These kernels are promising as they potentiallyltres
10 mm at most and decreases for studies with more subjecis. Thn a better delineation of the activated brain regions in a anet
results in a greater number of small clusters of activatidtew analysis rather than the Gaussian spheres we observed in our
using ALE. These images are more prone to be a hit or miggsults.
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FIGURE 10 | Values of the percent overlap of activation, averaged oveildolds for allK. The 4 panes correspond to the methods of CBMA (after signi cace testing)
while the three colors correspond to the group models. Solidines are the observed values of overlap. The dashed lines oespond to the tted regression lines.

TABLE 2 | Averaged overlap values over the | folds and the CBMA methodgop) heterogeneity. It should be noted that inference for xed
and over the | folds and the group level models (bottom) for e K. e ects meta-analyses is restricted to the studies included in
the meta-analysis. Random e ects meta-analyses on the other

K Fixed effects Mixed effects oLs o ) g
hand allow for generalizations to the populatioBdrenstein

AVERAGE OVERLAP OVERIAND CBMA METHODS et al., 200Q Furthermore the algorithm of ALE is developed

10 0.29 0.26 0.15 in the spirit of random e ects meta-analysegi¢kho et al.,

20 0.48 0.43 0.28 2009.

35 0.54 0.52 0.46 Third, we limited our comparison to a xed and random
e ects model implementation of an e ect size based CBMA

K Fixed Effects MA Random Effects MA ALE Uncorrected ALE cFWE method with ALE, the most used CBMA method that only uses

peak location. There are alternatives for ALE that also only use
the location of local maxima such as Multilevel Kernel Density
10 034 0.35 0.13 011 Analysis (Vager et al., 2007, 2009
20 052 052 027 028 Fourth, we did not explicitly investigate the in uence of
35 064 064 038 039 the sample size of individual studies on the outcome of a
meta-analysis. Howevefahmasebi et al. (2012)sed the same
IMAGEN dataset (though with a di erent contrast) to measure
Second, our results are characterized by low between-studlye e ect of the sample size on the variability of the locatiofis o
heterogeneity since each study is created by sampling from theeak activity in group analyses (study level). Their resni&iate
same dataset. In a real meta-analysis, we expect higherdretwehat 30 participants or more are needed so that locations of peak
study variability as it will include studies with a range oftdlent  activity stabilize around a reference point. For similaules see
scanner settings, paradigm operationalizations, pre-praogss Thirion et al. (2007who recommend at least 20 participants in
pipelines (such as dierences in normalization) and samplea group analysis to achieve acceptable classi cation agréemen
populations. In previous versions of this manuscript, we testedhis was de ned as the concordance between group analyses
(1) sampling subjects iFigure 2 according to the scanning site containing di erent subjects performing the same experiménta
involved in the IMAGEN project and (2) clustering subjectsdesign on declaring which voxels are truly active.
based on their individual e ect size maps into individual siesl Finally, it should be stressed that our study does not reveal
to achieve higher between-study variability. However,séhe which combinations are more robust against the presence ef bia
design adaptations did not yield substantial higher betwsteidly ~ This bias could include (1) publication biaf¢thstein et al.,

AVERAGE OVERLAP OVERIAND GROUP LEVEL MODELS
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FIGURE 11 | Heatmaps of MNI z-coordinate 50 forK D 10. (A) The number of folds in which each voxel has been declared statically signi cant for each
combination of a group level model (row-wise) and threshokel meta-analysis (column-wise). Note that the resolutionfdhe images corresponding to the analyses
within either ALE or the xed and random effects CBMA is diffemt (see main text)(B) The number of folds in which each voxel of the reference imagehas been
declared statistically signi cant. Areas of interest invek the supramarginal gyrus (posterior division), superiparietal lobule and angular gyrus(C) Average effect size
of the reference images over the folds.
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FIGURE 12 | Heatmaps of MNI z-coordinate 50 fork D 20. (A) The number of folds in which each voxel has been declared statically signi cant for each
combination of a group level model (row-wise) and threshoktl meta-analysis (column-wise). Note that the resolutionfdhe images corresponding to the analyses
within either ALE or the xed and random effects CBMA is diffemt (see main text)(B) The number of folds in which each voxel of the reference imagehas been
declared statistically signi cant. Areas of interest invek the supramarginal gyrus (posterior division), superiparietal lobule and angular gyrus(C) Average effect size
of the reference images over the folds.
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FIGURE 13 | Heatmap of MNI z-coordinate 50 fork D 35. (A) The number of folds in which each voxel has been declared statically signi cant for each combination
of a group level model (row-wise) and thresholded meta-angsis (column-wise). Note that the resolution of the imagesarresponding to the analyses within either ALE|
or the xed and random effects CBMA is different (see main teyt (B) The number of folds in which each voxel of the reference imagehas been declared statistically
signi cant. Areas of interest involve the supramarginal gus (posterior division), superior parietal lobule and antar gyrus. (C) Average effect size of the reference

images over the folds.
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TABLE 3 | Descriptive results of the thresholded meta-analyses in a&plication setting.

K Group Model Meta-analysis | Amount of clusters Voxels in clusters Unique clusters Large u ni. clust. Percentage
Mean sd Mean sd Mean sd Mean sd Large clusters
10 Fixed Effects Fixed Effects MA 7 23.1 6.1 206.7 71.4 11.67 B3 2.00 1.48 0.09
Random Effects MA 7 19.6 3.1 186.4 43.9 9.33 2.88 1.45 1.52 0.8
ALE Uncorrected 7 50.3 7.2 53.1 111 31.10 6.66 4.14 2.72 0.08
ALE cFWE 7 11.0 1.3 155.0 31.8 5.71 1.94 5.71 1.94 0.52
oLS Fixed Effects MA 7 19.9 6.1 132.1 59.6 11.86 4.95 2.69 241 0.14
Random Effects MA 7 20.6 7.4 126.6 68.6 12.43 5.92 2.62 2.23 013
ALE Uncorrected 7 31.9 6.8 41.7 15.2 22.95 5.65 3.17 2.04 0.10
ALE cFWE 7 4.9 2.9 136.5 49.0 3.10 2.35 3.10 2.35 0.63
Mixed Effects Fixed Effects MA 7 229 4.7 189.0 50.8 12.19 3.8 2.36 1.41 0.10
Random Effects MA 7 21.4 34 169.2 44.0 10.38 3.22 1.40 0.94 007
ALE Uncorrected 7 49.1 8.1 54.0 14.1 30.57 7.03 4.26 2.31 0.09
ALE cFWE 7 11.6 1.5 147.3 26.1 5.95 1.77 5.95 1.77 0.52
20 Fixed Effects Fixed Effects MA 3 19.3 5.1 438.1 145.5 8.00 £9 2.17 1.83 0.12
Random Effects MA 3 17.0 1.7 394.8 71.7 4.67 1.86 0.50 0.55 0.8
ALE Uncorrected 3 52.3 8.4 128.1 42.0 22.67 7.37 4.67 2.16 0.0
ALE cFWE 3 21.0 2.6 264.8 53.4 3.33 2.07 3.33 2.07 0.16
OoLS Fixed Effects MA 3 21.3 8.7 248.9 105.2 12.33 7.55 3.17 0.B 0.15
Random Effects MA 3 20.3 8.4 251.0 97.0 11.00 7.40 3.00 0.63 015
ALE Uncorrected 3 47.0 111 64.9 17.3 29.00 9.72 5.17 2.14 0.1
ALE cFWE 3 12.3 1.5 181.6 36.9 5.33 1.97 5.33 1.97 0.44
Mixed Effects Fixed Effects MA 3 20.7 4.5 389.8 122.1 8.67 4.2 1.00 1.10 0.05
Random Effects MA 3 21.0 1.0 318.6 44.0 9.00 0.89 1.00 0.89 0.6
ALE Uncorrected 3 50.7 6.1 123.9 36.5 26.67 5.16 5.67 2.80 0.1
ALE cFWE 3 18.3 25 279.4 54.4 5.33 2.07 5.33 2.07 0.29
35  Fixed Effects Fixed Effects MA 2 14.50 2.12 735.33 193.06 %0 2.12 3.50 2.12 0.25
Random Effects MA 2 12.50 3.54 793.10 308.16 4.50 3.54 2.00 141 0.17
ALE Uncorrected 2 54.50 0.71 182.37 5.91 21.50 0.71 6.50 4.95 0.12
ALE cFWE 2 25.50 0.71 347.01 37.16 4.50 0.71 4.50 0.71 0.17
oLS Fixed Effects MA 2 14.00 2.83 587.50 167.23 7.00 2.83 1.50 0.71 0.11
Random Effects MA 2 13.50 2.12 600.95 144.08 6.50 2.12 1.50 071 0.11
ALE Uncorrected 2 41.00 8.49 148.97 31.85 20.00 8.49 4.00 0.0 0.10
ALE cFWE 2 15.50 0.71 350.41 9.69 3.50 0.71 3.50 0.71 0.22
Mixed Effects Fixed Effects MA 2 19.50 4.95 566.47 229.15 150 4.95 3.50 3.54 0.18
Random Effects MA 2 17.50 3.54 578.73 203.84 9.50 3.54 3.00 283 0.17
ALE Uncorrected 2 56.00 7.07 182.71 45.69 22.00 7.07 5.50 0.71 0.10
ALE cFWE 2 22.00 2.83 402.95 27.23 5.00 2.83 5.00 2.83 0.23

For each study set size (K), | replicated images are compared pairs@. Shown in the table are the averages (over I) of the amount of clusters atide size of these clusters. Next to it are
the averages (overI ('2 D pairwise comparisons) of the amount of clusters that are unique to one of éhpaired comparisons, the amount of large (i.e., more than 50 voxels) unique
clusters and the percentage of the total amount of clusters that are lge unique clusters.

2009, (2) bias due to missing information since only statisfiga CONCLUSION

signi cant peak coordinates and/or peak e ect sizes are used

within studies and not the entire image, (3) or in the case ete There is a clear loss of information when fMRI meta-analyses are
size based CBMA bias due to missing data if peak e ect sizes fégstricted to coordinates of peak activation. However, ihptete
some studies are not reportetlVager et al., 2007; Costafreda, Statistical parametric maps are unavailable, then coordibased
2009. Seed based-mapping, uses imputations to solve this meta-analyses provide a way to aggregate results. We have
latter missing data problem. As we did not have any missindgvestigated the trajectory of fMRI results from the choice of
data in our simulations, we did not evaluate the in uence ofstatistical group models at the study level to di erent cooratie-
these missing data on the performance of the various CBMAased meta-analysis methods. Our results favor the conibimat
methods. of mixed e ects models in the second stage of the GLM procedure
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FIGURE 14 | Slices (MNI z-coordinates from left to right: 44, 4, 26, and 58) showing the average t-map of the reference imagp, the estimated variance between
studies and the weighted average of the random effects metanalysis (statistically signi cant voxels only) using the ooling models forK D 10. The contour lines
represent the average t-map of the reference images shown a#lustration.

combined with random e ects meta-analyses which rely on bottonly one dataset. We argue that this work provides substantia
the coordinates and e ect sizes of the local maxima. Our tssul insight into the performance of coordinate based meta-asesy
indicated (1) a higher balance between the false and trugipesi for fMRI.

rate when compared to a high-powered reference image and (2) a

higher reliability if the meta-analysis contains at lea@td? 35

studies. The popular ALE method for coordinate-based metaA UTHOR CONTRIBUTIONS

analysis provides a slightly lower but still comparable badan
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