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Abstract

Co-activation of distinct brain regions is a measure of functional interaction, or connectivity,
between those regions. The co-activation pattern of a given region can be investigated using seed-
based activation likelihood estimation meta-analysis of functional neuroimaging data stored in
databases such as BrainMap. This method reveals inter-regional functional connectivity by
determining brain regions that are consistently co-activated with a given region of interest (the
“seed”) across a broad range of experiments. In current implementations of this meta-analytic
connectivity modelling (MACM), significant spatial convergence (i.e. consistent co-activation) is
distinguished from noise by comparing it against an unbiased null-distribution of random spatial
associations between experiments according to which all grey-matter voxels have the same chance
of convergence. As the a priori probability of finding activation in different voxels markedly
differs across the brain, computing such a quasi-rectangular null-distribution renders the detection
of significant convergence more likely in those voxels that are frequently activated. Here, we
propose and test a modified MACM approach that takes this activation frequency bias into
account. In this new specific co-activation likelihood estimation (SCALE) algorithm, a null-
distribution is generated that reflects the base rate of reporting activation in any given voxel and
thus equalizes the a priori chance of finding across-study convergence in each voxel of the brain.
Using four exemplary seed regions (right visual area V4, left anterior insula, right intraparietal
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sulcus, and subgenual cingulum), our tests corroborated the enhanced specificity of the modified
algorithm, indicating that SCALE may be especially useful for delineating distinct core networks
of co-activation.
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1. Introduction

Understanding the functional organization of the human brain requires the consideration of
both regional specificity and interregional interaction (Eickhoff and Grefkes 2011). The
advent of modern neuroimaging methods, especially functional magnetic resonance imaging
(FMRI), has spurred investigations into both aspects. With respect to interregional coupling,
several dimension of brain connectivity have been explored non-invasively, including
structural connectivity using diffusion-weighted imaging (Dell’ Acqua and Catani 2012),
effective connectivity during task performance using Dynamic Causal Modeling (Friston et
al. 2003), and functional connectivity during task-dependent or task-unconstrained (“resting
state™) cognition (van den Heuvel and Hulshoff Pol 2010).

An alternative approach to exploring the brain-wide functional connectivity (FC) pattern of
a given brain region is provided by meta-analytic connectivity modelling (MACM; Laird et
al. 2013). This approach examines which brain regions are co-activated above chance with a
given seed region across a large and diverse set of neuroimaging experiments (Eickhoff et
al. 2010; Robinson et al. 2010). To this end, MACM capitalizes on databases such as
BrainMap, in which a great many of published results from neuroimaging studies are stored
(Laird et al. 2011; Laird et al. 2009a). Such databases are first filtered to identify all
experiments reporting activations in or near a given seed region. Subsequently, the identified
subset of experiments is meta-analyzed by a coordinate-based algorithm such as activation
likelihood estimation (ALE) to determine the convergence of the reported activation foci in
these experiments (Turkeltaub et al. 2002; Eickhoff et al. 2009). As all experiments were
defined by activation in the seed region, the highest convergence will consequently be found
there. Significant convergence outside the seed, in turn, indicates significant across-study
co-activation (i.e., FC; cf. Amft et al. 2014; Hoffstaedter et al. 2013; Reetz et al. 2012;
Jakobs et al. 2012). Thus, MACM exploits the accumulated wealth of data on brain activity
associated with many kinds of psychological processes and conditions. In contrast to resting-
state FC analyses, MACM provides a measure of FC during task-constrained states and, by
way of analyzing the descriptive meta-data associated with each databased activation,
enables the functional characterization of the resulting set of consistently co-activated
regions (Rottschy et al. 2013; Mller et al. 2013; Kellermann et al. 2013).

It should be noted, however, that findings from functional neuroimaging experiments are not
equally distributed across the entire brain. Rather, from large compilations of findings in
databases such as BrainMap (Laird et al. 2009a) or Neurosynth (Yarkoni et al. 2011) it
becomes evident that certain locations are found much more frequently activated than others
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(cf. Fig. 1). The results of a MACM analysis, in turn, may be influenced by such non-
stationary a priori probabilities for each voxel to be activated across the entire database. That
is, if a given voxel is frequently activated in the databased experiments, the likelihood of this
voxel to co-activate with any given seed region is increased a priori. The frequency of
activation across all databased experiments is naturally high for heteromodal regions that are
involved in a wide range of tasks (e.g., anterior insula; cf. Kurth et al. 2010), but it also
depends on experimental epiphenomena such as the high prevalence of neuroimaging
experiments using visual stimulus input, manual responses, and/or tasks with verbal
material. When using the standard MACM approach, this frequency bias of activated
regions may lead to partially unspecific or generic co-activation patterns. To address this
potential bias, we propose a modification to MACM that takes this frequency bias into
account in order to map more specific co-activation patterns of seed regions.

The key idea behind the proposed modification is to abandon the quasi-rectangular null-
distribution reflecting an unbiased random spatial association between experiments, in favor
of a random association structure that reflects the a priori probability of each voxel being
activated across the entire database. That is, rather than testing for voxels that show higher
convergence than expected from a flat distribution of random associations, the new specific
co-activation likelihood estimation (SCALE) algorithm tests for voxels that show higher
convergence than expected given their a priori likelihood of activation.

2. Methods

2.1. Sample

All MACM analyses were performed using the BrainMap database (Laird et al. 2009a)
(www.brainmap.org). From that database, we included only those experiments that reported
coordinates in standard stereotaxic space from normal functional mapping studies (i.e., no
interventions such as pharmacological challenges or practice and no interindividual-
differences analyses) in healthy participants using either fMRI or positron emission
tomography. Apart from that, we refrained from any pre-selection based on descriptive
BrainMap meta-data (i.e., taxonomic categories). In total, this yielded 7209 eligible
experiments at the time of analysis.

To evaluate the performance of our bias-adjusted MACM algorithm, both standard and
modified algorithms were applied to four exemplary seed regions (Fig. 2). These four
regions comprised (1) the cytoarchitectonically defined right visual area V4 (hOC4yv;
Rottschy et al. 2007) as well as three functionally defined clusters in: (2) left anterior insula
(alns), (3) right intraparietal sulcus (IPS; extending to adjacent superior and inferior parietal
lobules), and (4) the subgenual cingulum (SGC). Both left alns and right IPS clusters were
derived from a conjunction map across two previous neuroimaging meta-analyses on
working memory (Rottschy et al. 2012) and sustained attention (Langner and Eickhoff
2013). The SGC cluster, in turn, was derived from a conjunction across two previous meta-
analyses on brain activity at rest (i.e., the so-called default mode) and affective processing,
respectively (Schilbach et al. 2012; see also Amft et al. 2014). These four seed regions were
chosen on the basis of their spatial and functional heterogeneity, given that they are
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representative of varying locations in the brain, extend across multiple functional systems,
and are marked by different degrees of functional specialization.

Filtering the BrainMap database for experiments that reported at least one focus of
activation in the given seed regions, we found: (1) 367 experiments reporting activation in
right area hOC4v (in total: 5467 foci, 4771 participants); (2) 354 experiments reporting
activation in the left alns cluster (5725 foci, 4952 participants); (3) 220 experiments
reporting activation in the right IPS cluster (3385 foci, 2768 participants); and (4) 100
experiments reporting activation in the SGC cluster (1192 foci, 1520 participants).

2.2. Standard and modified MACM algorithms

2.2.1. Standard algorithm—~Following established procedures (Roski et al. 2013;
Balsters et al. 2013; Clos et al. 2013; Bzdok et al. 2013b), we first computed the task-based
functional connectivity (i.e., co-activation patterns) for each of the four seed regions using
the standard MACM implementation: First, we identified the experiments in our sample that
reported activation in the currently considered seed region. The brain-wide co-activation
pattern for each individual seed voxel was then computed by a meta-analysis over the
retrieved experiments. That is, experiments were defined by activation in the particular seed
region, and a quantitative meta-analysis of all foci reported in these experiments was
performed to assess how likely any other voxel throughout the brain co-activated with the
given seed voxel. Meta-analysis was performed using the revised version of the ALE
approach (Eickhoff et al. 2012; Eickhoff et al. 2009; Turkeltaub et al. 2012). This algorithm
treats activation foci reported from a given experiment as centers of 3-D Gaussian
probability distributions that reflect the spatial uncertainty associated with neuroimaging
results. The probability distributions of all reported foci were combined into a modeled
activation (MA) map for each experiment. The voxel-wise union of these MA maps across
all experiments associated with a particular seed voxel then yielded an ALE score for each
voxel of the brain describing the co-activation probability of that particular location with the
current seed.

Significance of these co-activation probabilities is then computed by comparison with an
analytical null-distribution as described in Eickhoff et al. (2012). In short, this null-
distribution reflects the distribution of ALE scores under the null-hypothesis of a random
spatial association across experiments. Conceptually, this is equivalent to drawing one voxel
from each experiment independently at random and then computing the ALE value across
these as done for the (spatially contingent) voxel-values in the true analysis (Eickhoff et al.
2009). In contrast to such a Monte-Carlo simulation procedure, however, the analytical
solution pools over identical values at different locations, which allows deriving the null-
distribution from a much faster histogram permutation. The p-value of a “true” ALE score
was then given by the proportion of equal or higher values under the null distribution. ALE
maps were thresholded at cluster-level p < .05 [family-wise error (FWE)- corrected for
multiple comparisons; voxel-level height threshold: p < .001].

2.2.2. Modified algorithm (SCALE)—In contrast to the global null-distribution
employed for the standard ALE (and hence MACM) analysis, the modified algorithm
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provides voxel-specific null-distributions that reflect the base rate of activation observed in a
given voxel. To illustrate this crucial distinction, first consider a region such as the
supplementary motor area (SMA), in which many experiments report activation: given this
elevated base rate, a high ALE value (i.e., observed co-activation likelihood) would actually
be expected by chance. Nevertheless, comparing this high ALE value against a global (i.e.,
medium-level) null-distribution may still result in a significant difference. In
contradistinction, in a region that is rarely activated by neuroimaging experiments,
observing an intermediate degree of convergence of co-activations (as indicated by a
medium-level ALE value) may be highly unexpected by chance and should therefore be
significant. A comparison against the global (medium-level) null distribution of the standard
MACM approach, however, would still result in a non-significant difference. Therefore,
accounting for the different base rates of activation across the brain should lead to less over-
or underestimation of significant convergence of co-activations and, thus, to more specific
findings.

To compute voxel-specific null-distributions we propose to use a Monte-Carlo simulation
procedure. In a first step, convergence across experiments is computed as described above,
yielding the “true” ALE value at each location. In a second step, this procedure is repeated,
but only after replacing the reported location of the activation foci for each experiment by
foci randomly sampled (without replacement) from the BrainMap database. Importantly, all
other aspects of the dataset (humber of experiments, number of foci for each experiment,
number of participants and hence the uncertainty model for each experiment, etc.) are
retained from the original analysis. That is, we repeated the exact same ALE analysis with
only the location of activation randomly replaced by those stored in BrainMap. Given the
random sampling from all foci in BrainMap, the ensuing ALE map reflects a realization of
the null-distribution provided by the a priori chance of activating any voxel in the brain
across the entire database. In other words, by using an unbiased sample from the (inherently
biased) database, we can compute ALE scores that reflect the biased a priori probabilities for
activation. The ALE score at each voxel is recorded and the entire procedure is repeated
2,500 times in order to generate an empirical null-distribution of expected convergence at
each voxel of the brain, given the a priori distribution of activation foci in the database. This
voxel-specific null-distribution thus accounts for the database-inherent distributional bias
toward certain locations. These distributions were then used to threshold the “true” co-
activation map at voxel-level p < .001 (uncorrected). In addition, we applied a cluster extent
threshold of k = 50 to further reduce the risk of false positives. Applying a multiple-
comparison correction at cluster level, analogous to what is done in the standard MACM
approach, was impossible here, because in the bias-adjusted MACM approach, there is no
global null-hypothesis about the (equal) probability of spatial convergence across the brain.
This follows from the voxel-specific adjustment of the null-distribution according to the
activation base rate inherent in the modified approach. A global null-distribution, however,
would be needed to set an FWE-corrected significance threshold for cluster extent. Although
this (formally) uncorrected thresholding approach left our modified MACM algorithm
somewhat more lenient than the standard one, it ultimately strengthens our argumentation
for greater specificity of the modified algorithm as long as the resulting co-activation maps
are generally sparser and more specific than those resulting from the standard approach.
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Nevertheless, we acknowledge that a formal correction for multiple comparisons across
these tests against (voxel-specific) null-distributions would provide additional, though not
yet possible stringency.

3. Results

In the following sections, we will present the results of MACM analyses for each of the four
seed regions (cf. Fig. 2), as obtained with the standard and modified algorithm, respectively.

3.1. Ventral area V4 (hOC4v)

The co-activation pattern for the anatomically defined right hOC4v seed region as revealed
by the standard MACM approach comprised several clusters (Fig. 3A, Table 1). The largest
one covered major aspects of bilateral visual cortex from V1 to V5 and extended antero-
ventrally into fusiform and lingual gyri and dorsally into IPS and superior parietal lobule.
Further co-activations were observed in bilateral alns, dorsal and ventral premotor cortex
(PMC), and (pre-)SMA/midcingulate cortex (MCC), as well as left amygdala and left
thalamus.

The modified MACM approach produced a substantially smaller pattern of (specific) co-
activation (Fig. 3B, Table 1). The pattern in visual areas was highly similar (without
extending into right \/5), but posterior parietal co-activation was much less pronounced,
especially in the left hemisphere. Likewise, no significant frontal co-activations were
observed, but the modified analysis yielded a new cluster of significant specific co-
activation in right hippocampus. In summary, the pattern of across-study co-activation with
the anatomically defined seed region V4 (cytoarchitectonic area hOC4v) obtained with the
new SCALE algorithm was substantially more focused on occipital regions, as compared to
the results obtained with the standard ALE algorithm.

3.2. Anterior insula

The co-activation pattern for the left alns seed region as revealed by the standard MACM
approach (Fig. 4A, Table 2) comprised a large bilateral cluster including alns, inferior
frontal gyrus (IFG) and junction (IFJ), dorsal and ventral PMC, mid-lateral prefrontal cortex
(MLPFC), thalamus, and basal ganglia (putamen, pallidum, and ventral caudate). Further
extensive bilateral clusters were found in (pre-)SMA and MCC as well as in the IPS,
cerebellum (in the left hemisphere extending into fusiform gyrus), and in posterior aspects
of the superior temporal gyrus (STG).

The modified MACM approach yielded clusters of specific co-activation in bilateral alns,
(pre-)SMA/MCC, MFG, and thalamus (Fig. 4B, Table 2). Of note, although these clusters’
peaks had the same localization as obtained with the standard algorithm, the clusters’ extent
was much smaller, resulting in several distinct, more circumscribed clusters of specific co-
activation. Furthermore, previously bilateral co-activations in IFJ, cerebellum, and basal
ganglia were now restricted to the left (IFJ, cerebellum) or right hemisphere (basal ganglia).
No specific co-activation with the parietal cortex was observed. In conclusion, the bias-
adjusted SCALE algorithm again produced a substantially reduced pattern of co-activation,
as compared with the standard algorithm. The location of the statistical peaks within the
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retained specific co-activations, however, closely resembled those obtained in the standard
analysis.

3.3. Intraparietal sulcus

The co-activation pattern for our right IPS seed cluster (Fig. 5A, Table 3), as revealed by the
standard MACM approach, comprised a set of regions very similar to what was previously
observed for left alns. In particular, we found large bilateral clusters in IPS, alns, dorsal and
ventral PMC, MLPFC, and (pre-)SMA/MCC.

Somewhat in contrast to the findings for the left alns, however, the pattern of specific co-
activation obtained with the modified MACM approach did not feature a substantial
reduction in the number of co-activated brain regions (Fig. 5B, Table 3). The only regions
missing here, in comparison with the standard MACM approach, were left alns, left
(pre-)SMA/MCC, and thalamus. The clusters’ extent, however, was again markedly
reduced. Thus, for the right IPS, the bias-adjusted SCALE algorithm yielded rather similar,
albeit smaller and more circumscribed clusters of co-activation, as compared with the
standard ALE algorithm.

3.4. Subgenual cingulum

The co-activation pattern of our SGC seed as revealed by the standard MACM approach
comprised a large bilateral cluster in sub- and perigenual anterior cingulate cortex, extending
antero-dorsally to fronto-polar cortex, and postero-ventrally to the nucleus accumbens (Fig.
6A, Table 4). Further SGC co-activations were observed in bilateral posterior cingulate
cortex, left hippocampus/amygdala, and left inferior parietal lobule.

The modified MACM algorithm yielded a pattern of co-activation that included the same
regions as obtained with the standard approach (except for right nucleus accumbens) but
comprised further clusters in bilateral inferior temporal gyrus and right medial temporal
pole, bilateral medial cerebellum, and right superior frontal gyrus (Fig. 6B, Table 4). Here,
the extent of co-activated clusters resulting from the bias-adjusted algorithm was largely
similar to the standard one, but several new clusters appeared, most prominently in bilateral
inferior temporal cortex.

3.5. Summary

In summary, we note that the modified MACM approach often yielded substantially more
restricted clusters of (specific) co-activation in spite of the fact that this analysis was not
formally corrected for multiple comparisons. Moreover, it may be noted that for those
regions that were retained in the specific co-activation analysis, the statistical peaks were
highly consistent with those obtained from the standard MACM implementation. The
mapping of specific co-activations thus appears to generally provide a more conservative
estimate of interaction patterns. As has become evident from the fourth example (SGC),
however, our madification, which aimed at identifying specific co-activation patterns
(relative to the a priori probability of activation), may also reveal co-activations not obtained
in the standard MACM analysis, indicating that the proposed modification is not merely a
more conservative implementation but rather based on a substantially different concept.
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4. Discussion

Meta-analytic connectivity modelling (Eickhoff et al. 2010; Laird et al. 2009b; Robinson et
al. 2010) has established itself over the past years as an important tool for the investigation
of task-based FC, providing an important complement to task-independent resting-state FC
approaches (Bzdok et al. 2013b; Cieslik et al. 2013; Langner et al. 2014). Here, we
introduced a modification of the standard MACM algorithm (Eickhoff et al. 2011; Eickhoff
et al. 2010) that aims to identify specific co-activations, and examined its effect on the
observed pattern of consistently co-activated brain regions for several seed regions
representing different anatomical locations and functional brain systems. Our modification
sought to make MACM more specific by adjusting significance testing in a way that
accounts for differences in the prevalence (i.e. base rate) of activity foci across the
neuroimaging literature and, hence, databases such as BrainMap. Specifically, the new
SCALE algorithm tested the significance of co-activation against an empirical null-
distribution that reflects the expected convergence of activations in a set of experiments that
have the same characteristics as the “true” set but features random locations that reflect the
current locational distribution across the database. This contrasts with the global null-
distribution used in standard MACM significance testing, which reflects the expected
convergence across foci given a random spatial association between experiments. Put
differently, while the inference in standard MACM is performed against a random
convergence of activation within the examined set of experiments, the modified approach
now references the observed convergence against what is expected given the frequency
distribution of activation foci across the entire database.

This conceptual distinction and the resulting adjustment of the null-distribution computation
procedure aimed to compensate for the different a priori probabilities of different brain loci
to co-activate with a given seed. As pointed out above, these different probabilities arise
from the biased (i.e., non-rectangular) frequency distribution of activation foci in BrainMap.
In particular, loci that are found activated more often in neuroimaging research and,
therefore, are more prevalent in databases such as BrainMap have a higher a priori chance to
be found co-activated with (any) given seed region of interest. A high a priori probability of
activation in a specific region within a set of databased experiments will thus yield a high
empirically estimated (i.e. observed) likelihood of convergence at that particular region in an
ALE analysis of experiments from that database. This region will consequently appear as
significantly co-activated in MACM analyses seeded at most other brain locations. We
would like to stress, however, that this is not faulty algorithmic behavior or a problem in the
approach per se. Rather, the co-activation probability (provided by the ALE value) at that
particular location is high indeed, and it may be high for many or even all seed locations.

This predicament is best illustrated in an extreme example: If a given location of the brain
was activated by all experiments in the database, then this location would have a co-
activation likelihood (ALE score) of 1 in any (standard) MACM analysis, independently of
the location of the seed. Importantly, however, this perfect co-activation likelihood would
not be unexpected but rather exactly conform to the expectation based on the a priori
likelihood. In other words, in that example, the convergence at the always-activated voxel
would be much higher than expected under the null-hypothesis of random spatial association
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(within the set of retrieved experiments that feature activation at a particular seed). It would
not be higher than expected, however, under the null-hypothesis that co-activation
probabilities reflect the a priori probability of activation across the database.

In that context, we need to differentiate between the co-activation probability (voxel-wise
ALE score indicating the convergence of foci in those experiments that were retrieved based
on activation in a particular seed region), which remains unchanged between the standard
approach and the proposed revision, and the statistical inference thereon (which changes due
to the new reference, i.e., the adjusted null-distribution). In the standard MACM approach,
significance reflects above-chance convergence across the retrieved experiments; that is, the
algorithm is agnostic to the a priori likelihoods. The inherent bias in the neuroimaging
literature towards some locations may thus result in a neurobiologically (though not
mathematically) distorted significance estimation. In particular, if a global null-distribution
is used, brain locations with a higher-than-average base rate in BrainMap will effectively be
favored against locations with a lower-than-average base rate. The new approach adjusts for
this bias by providing a voxel-specific null-distribution accommaodating the a priori
likelihood of activation across the entire database. Significance testing with SCALE should
thus be equally conservative in regions featuring many or few experiments, respectively.

Nevertheless, given non-linear relations between ALE scores and activation prevalence in
the database, the voxel-wise adjustment of the null-distribution for activation base rate might
potentially lead to “over-specificity” (i.e., false negative results due to over-
conservativeness) in voxels with very high base rates. This question of validity of the
modified MACM approach can only be answered empirically, by providing evidence for the
neurobiological plausibility of the findings. We think that our four exemplary analyses (see
below) demonstrate sufficient validity and, thus, warrant application of the modified
approach, keeping in mind that it is designed to uncover specific, rather than general co-
activation (which does the standard MACM approach).

Finally, it needs to be stressed that our rationale for adjusting the ALE algorithm only holds
for seed-based (i.e., neuroanatomically grounded) meta-analytic approaches that interrogate
large databases such as BrainMap in order to model across-study FC by means of co-
activation mapping, without regard to the specific tasks or mental processes associated with
the experiments selected for analysis. That is because only for such database-driven
approaches, a distributional a priori bias is known. In contrast, in “topic-based” (i.e.,
psychologically grounded) ALE meta-analyses, such as those that focus on activation
patterns observed within a specific task category (e.g., the Stroop task), this bias is not only
unknown, but finding such a bias (i.e., the above-chance convergence across studies on a
particular task), is in itself the object of investigation. That is, when aiming to study regional
brain—-behavior associations meta-analytically, then the null-hypothesis assuming no task-/
process-specific convergence of activation foci needs to be falsified by finding a significant
bias towards activating a given location across the studies selected.

For evaluation, both standard and new (bias-adjusted) MACM algorithms were applied to
four exemplary seed regions: right area hOC4v (ventral area VV4), left alns, right IPS, and
bilateral SGC. First, we examined the cytoarchitectonically defined area hOC4v (Rottschy et
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al. 2007), which is a “late” visual area predominantly involved in processing visual object
features of intermediate complexity such as orientation, shape, and color (Roe et al. 2012;
Eickhoff et al. 2008). Thus, it is a unimodal sensory region with a relatively high degree of
functional specialization. For this seed region, the standard MACM algorithm yielded an
extensive pattern of co-activation that included both large parts of the visual cortex and a
bilateral fronto-parieto-insular network, with the latter being involved in controlling
attention and action (Cole and Schneider 2007; Corbetta and Shulman 2002; Langner et al.
2011; Petersen and Posner 2012). In contrast, the bias-adjusted SCALE algorithm revealed a
pattern of co-activation that was mainly restricted to occipital regions. Thus, the pattern was
much more focused on visual areas of the brain than that obtained with the standard
algorithm. This focus of across-study, task-constrained functional connectivity makes much
sense for a highly specialized, unimodal (visual) area like hOC4v and attests to the higher
specificity of the new algorithm, as compared with the standard one.

Of course, actions are often guided by visual input, which necessitates functional
connections between regions associated with either processing domain (action: fronto-
parietal regions; vision: occipital regions) and explains the findings with the standard
MACM approach. Our results, however, suggest that the degree of task-related FC between
our seed region and regions involved in attentional or action control is substantially less
specific than what is observed for FC among different visual areas. That is, the likelihood of
fronto-parietal regions co-activating together with hOCA4v in relation to the a priori chance
of finding activations in these fronto-parietal regions across the entire database is rather
limited — in contrast to the high relative likelihood of observing occipital co-activation with
hOC4v. Thus, despite the plausibility and necessity of inter-domain FC, as corroborated by
the standard MACM approach, the hOC4v core network appears to almost exclusively
consist of other visual areas, as revealed by the new (bias-adjusted) MACM algorithm. This
visual core network specificity is in agreement with studies determining FC-based
subnetworks by a data-driven analysis of fluctuations in “resting state” brain activity (e.g.,
Smith et al. 2009).

Next, we looked at a region much less functionally specialized than area hOC4v: left alns.
This supramodal region is involved in many aspects of perception, cognition, and emotion,
among them working memory and vigilant attention, as indicated by the two meta-analyses
our alns seed was derived from (Langner and Eickhoff 2013; Rottschy et al. 2012).
However, despite many methodological approaches, this region’s fundamental function has
yet to be comprehensively characterized (Dosenbach et al. 2006; Kurth et al. 2010). As
expected, using the standard MACM algorithm, this seed region was found to be
functionally connected (i.e., co-activated across studies) with an extensive fronto-parieto-
thalamo-basal ganglia network. In that context, it is interesting to note the similarities to the
co-activation pattern for area hOC4v, attesting to the inherent bias of MACM towards
frequently activated regions (cf. Fig. 1). When using the new (bias-adjusted) SCALE
algorithm, however, the picture changed even more drastically than it did for hOC4v: the
remaining specific network of functionally connected regions was strongly reduced and
much more focused, with homotopic right alns and pre-SMA/MCC being the two major
clusters of consistent across-study co-activation. Analogous to hOC4v, these findings
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suggest that beyond the broad overall MACM connectivity pattern, there is a more
specifically inter-connected subset of regions that interact with the left alns across many
different tasks. This specific co-activation core agrees well with results by Dosenbach et al.
(2006), which indicated that the very same set of regions (bilateral alns and pre-SMA/
MCC), out of many less-specific others like those revealed in the standard MACM analysis,
may constitute a common core system for implementing task sets, also known as the
“salience network” (Seeley et al. 2007).

Subsequently, we examined the across-study co-activation pattern of our right IPS seed.
Like the alns, the IPS also is a supramodal brain region. However, in contrast to the very
broad functional profile (or domain-general function) discussed for the alns, the IPS appears
to be more specifically involved in attentional control and (spatial) action planning (Grefkes
and Fink 2005; Andersen and Cui 2009; Bisley and Goldberg 2010). This view is also
corroborated by the two meta-analyses that the IPS seed was derived from (Langner and
Eickhoff 2013; Rottschy et al. 2012) as well as other work (Cieslik et al. 2010; Langner et
al. 2013). Using the standard MACM algorithm, we expectedly found an extensive bilateral
fronto-parieto-thalamo-insular set of co-activated regions. This time, however, the pattern
changed much less than it did for the alns when using the modified algorithm. That is,
although the co-activation clusters found with the new algorithm were more circumscribed,
attesting to the more specific nature of the revised approach, their topography was rather
similar to what was obtained with the standard approach. The few exceptions were restricted
to the contralateral hemisphere (left alns, left pre-SMA/MCC) and the thalamus. Thus, there
was again evidence for a more focused pattern of co-activation when using the modified
algorithm, but the original network essentially remained intact.

Together, these results suggest that the right IPS, other than left alns, is a core part of the
frequently observed fronto-parietal-insular network. In particular, the differentiation
between fronto-parietal and cingulo-insular networks observed with the new SCALE
algorithm is consistent with connectivity-based results obtained from task-unconstrained
(“resting state™) neural activity (Dosenbach et al. 2007; Seeley et al. 2007). Thus, the results
of the bias-adjusted, but not the standard, MACM algorithm corroborate the view of two
distinct networks involved in executive control (Dosenbach et al. 2008; see also Petersen
and Posner 2012).

More generally, the differences in results from the standard and modified algorithms
indicated no dependence on the degree of functional specialization of the seed (e.g.,
compare hOC4v with alns, or IPS with alns). Rather, the amount of change appears to
depend on whether or not the other regions do co-activate specifically with the seed, rather
than co-activating with many other seeds as well, such as alns, which was found (using the
standard algorithm) to co-activate with both hOC4v and IPS. This conclusion is further
supported by the analysis of the fourth and final exemplary seed region chosen here, where
we examined the co-activation pattern of the SGC. Functionally, the SGC is in marked
contrast to the other seeds, reflecting affective and introspective processing in the so-called
“default mode” (Amft et al. 2014; Schilbach et al. 2012). The standard MACM algorithm
yielded across-study FC of this region with neighboring perigenual cingulum and nucleus
accumbens, as well as a major cluster in posterior cingulum and two smaller clusters in left

Neuroimage. Author manuscript; available in PMC 2015 October 01.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyiny vd-HIN

Langner et al.

Page 12

amygdala and left inferior parietal cortex. These results were mirrored by the revised
MACM analysis and are in fact not very surprising, since all these regions have been
previously associated with resting-state cognition and/or social-cognitive/emotional
processing (Schilbach et al. 2012; Buckner et al. 2008; Sabatinelli et al. 2011). Unlike the
other three seeds, however, applying the new, bias-adjusted SCALE algorithm resulted in an
increased number of consistently co-activated brain regions. That is, the revised approach
revealed significant specific co-activations beyond the previously observed ones, including
bilateral anterior temporal regions, bilateral medial cerebellum, and right superior frontal

gyrus.

As all but the right temporal co-activation formed rather minor clusters (50 < k < 70; cf.
Table 4), these additional findings might be false positives due to the somewhat more lenient
significance thresholding used in the modified approach. There are, however, several
arguments against this view: First, this potential leniency has not led to an increase in the
number of (small) clusters in the previous three analyses. On the contrary, the number of
clusters observed with the modified algorithm was generally smaller, which supports the
claim that the new approach is more specific and inherently more stringent. Second, there
was a new cluster larger than the smallest one obtained with the standard approach
employing cluster-level FWE-corrected thresholding. Thus, the new approach can indeed
yield additional clusters that cannot be explained by differences in thresholding. Third and
most importantly, all of the clusters additionally observed with the modified approach are
neurobiologically very plausible, as they were found in regions known to activate during
resting state, social-cognitive/affective processing, or both (Buckner et al. 2008; Bzdok et al.
2012; Bzdok et al. 2013a; Schilbach et al. 2012; Shulman et al. 1997; Laird et al. 2009b).
This corroborates the results obtained with the new algorithm and, given the previously
demonstrated enhanced specificity of this algorithm, suggests that these additionally
observed regions might also be part of a socio-affective core network. On the conceptual
side, the emergence of additional findings not present in the standard analysis highlights the
reverse of the above-mentioned bias for the standard MACM approach towards frequently
activated regions. The global null-distribution employed in the classic approach actually
makes significant co-activations generally less likely in regions that are less frequently
activated across the neuroimaging literature such as the anterior temporal lobe. Thus, the
standard approach may underestimate true effects in those more rarely activated parts of the
brain. The revised approach, in turn, accommodates the lower a priori probability for
activation in these regions and hence results in lower ALE thresholds here, as compared
with regions that are activated very frequently, resulting in increased specificity.

As discussed above, accounting for the topographic distribution of activation foci across the
entire database in the revised approach appears to be a generally more conservative
approach providing a higher specificity. In particular, computing the null-distribution in
reference to the database structure rather than the actual experiments in the ALE analysis
effectively removes many presumably unspecific co-activation findings in regions that are
activated frequently. In addition, the algorithm effectively lowers the ALE threshold for
regions that are activated only sparsely, providing greater sensitivity than the standard global
null-distribution.
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Nevertheless, the risk of an enhanced rate of false positive findings due to more lenient
thresholding might still be worrisome to users of the new approach. One potential solution is
using minimum conjunctions to combine the results from both the standard and modified
approach: the resulting (conjunction) map will contain only voxels that passed the less
specific but FWE-corrected standard MACM analysis, while at the same time constraining
the results of the standard approach to those voxels that were also found co-active by the
new SCALE algorithm. This conjunction procedure thus offers the possibility to control
three different sources of false positive findings at the same time: (i) low specificity of the
standard approach as well as (ii) lenient thresholding and (iii) overestimated significance
due to low prevalence in the database in the modified approach. The results of this
conjunction approach applied to the exemplary analyses of our four seed regions are
depicted in the Supplementary Material (Fig. S1). It should be noted, though, that this
approach prevents the detection of (potentially valid and interesting) clusters of specific co-
activation in less frequently activated regions (cf. SGC results). As a particularly
conservative approach it is thus at the same risk to produce false negative results as is the
standard MACM approach. This risk might be especially high for regions that are only
sparsely activated. Given that the null-distribution assumes equal chances of spatial
convergence across all gray-matter voxels, such regions have a smaller-than-average a priori
chance of being found consistently co-activated with a particular seed.

In conclusion, the new bias-adjusted MACM algorithm indeed appears to achieve a higher
level of specificity in modelling task-constrained across-study FC, as compared with the
standard approach. However, depending on the seed region of interest, standard (ALE)
versus bias-adjusted (SCALE) algorithms can produce both strongly different (e.g., hOC4v
or alns) and rather similar (e.g., IPS or SGC) co-activation patterns. In our examples, most
of the regions that were co-activated with right IPS or SGC according to the standard
approach thus appeared to reflect specific (rather than generic) co-activations with the given
seed. In contradistinction, the strong reduction in significant co-activations for right area
hOC4v and left alns when using the bias-adjusted approach suggests that the results of the
standard MACM analysis for these seeds are, at least in part, driven by the high prevalence
of certain regions in the BrainMap database, rather than by their consistent and specific co-
activation with the given seed.

Our exemplary results demonstrate that the modified MACM algorithm is a useful
complementary approach to the standard one, providing information on specific functional
associations between brain regions. This increased level of specificity might be especially
useful when functional core networks are to be defined or functional sub-networks need to
be differentiated. It should be emphasized again, though, that the conventional MACM
approach is not inherently flawed but rather is designed to yield the co-activation pattern of
a particular seed under a global null-hypothesis assuming equal chances of spatial
convergence for every grey-matter location. The classic and revised MACM approaches
thus offer answers to different but equally valid questions: “Which brain regions do
generally co-activate with a given seed?” versus “Which regions do specifically co-activate
with it?”
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Fig. 1.
The population of activation foci contained in the BrainMap database (at that time) rendered

on a standard template brain. Color lightness codes frequency of activation of a given voxel,
with lighter colors indicating higher frequencies.
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Fig. 2.
The 4 seed regions used in the exemplary analyses: right area hOC4v (red), left anterior

insula (blue), right intraparietal sulcus (green), and subgenual cingulum (violet).
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Fig. 3.
Results of the standard (A) and bias-adjusted (B) meta-analytic connectivity modelling of

right area hOC4v.

Neuroimage. Author manuscript; available in PMC 2015 October 01.



1duosnue Joyny vd-HIN 1duosnue N JoyINy Vd-HIN

1duosnue Joyiny vd-HIN

Langner et al.

Page 22

Fig. 4.
Results of the standard (A) and bias-adjusted (B) meta-analytic connectivity modelling of

the left anterior insula seed.
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Fig. 5.
Results of the standard (A) and bias-adjusted (B) meta-analytic connectivity modelling of

the right intraparietal sulcus seed.
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Fig. 6.
Results of the standard (A) and bias-adjusted (B) meta-analytic connectivity modelling of

the subgenual cingulum seed.
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Meta-Analytic Connectivity Modelling (MACM) Results for the Anatomically Defined Right Ventral Visual

Cortex 4 (hOC4v) Using Standard or Modified Algorithm

Cluster (Size) /Brain

Standard MACM

Modified MACM

Region (Histological Assignment®) xyz Z-score xyz Z-score
Cluster 1 (ks= 15119 / ky = 11093)

R inferior occipital gyrus (hOC4v, FG1) 38 -76 -12 8.78 38-76-12 8.45
R fusiform gyrus (FG2) 40 -52 -20 8.40 40 -52 -20 8.26
R middle occipital gyrus 34-900 8.52 34-900 8.32
R superior occipital gyrus 30 64 42 7.66 30 66 40 8.23
R intraparietal sulcus (hIP3) P 30 -56 52 7.99 30 -56 46 8.24
L inferior occipital gyrus (hOC4v, FG1) -24 -84 -14 8.37 -24 -84 -14 8.25
L fusiform gyrus (FG2) -40 58 -20 8.37 -40 58 -20 8.25
L calcarine gyrus -12 -98 -6 7.55 -12 -98 -6 8.23
L middle occipital gyrus -32-900 8.43 -32-900 8.28
L superior occipital gyrus € -26-7040 8.01 -26 -70 40 8.24
L intraparietal sulcus (hIP3) -30 -54 52 8.41 - -
Cluster 2 (ks = 1408)

L ventral precentral gyrus -48 634 8.41 - -
L IFG (Area 44/45) / inferior frontal junction -46 16 24 6.57 - -
Cluster 3 (ks = 1367)

L/R posterior medial SFG -21252 8.42 - -
L/R midcingulate cortex (Area 32'/a24’) 02836 4.52 - -
Cluster 4 (ks =612)

L anterior insula -34204 7.69 - -
L IFG, pars orbitalis -44 28 -4 4.43 - -
L IFG, pars opercularis (Area 44) -52126 4.30 - -
Cluster 5 (ks = 509)

R anterior insula 3620 -2 7.64 - -
Cluster 6 (ks = 455)

R posterior MFG / precentral sulcus 38-252 6.49 - -
R posterior SFG 24058 5.74 - -
Cluster 7 (ks = 371)

R inferior frontal junction 42632 6.30 - -
Cluster 8 (ks = 205)

R posterior SFG / precentral sulcus -28 -4 60 6.07 - -
Cluster 9 (ks = 201)

L amygdala (CM, SF, LB) -20-6 14 6.79 - -
Cluster 10 (ks = 170)

L thalamus -14-16 10 6.01 - -
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Standard MACM Modified MACM
Cluster (Size) /Brain
Region (Histological Assignment®) xyz Z-score xyz Z-score
Cluster 11 (ky = 133)
R hippocampus (subiculum) - - 18 -30 -4 821

Notes. X, y, z = peak voxel coordinates in MNI space; kg/ky = number of voxels in cluster obtained with standard/modified MACM algorithm.

a . . )
References for cytoarchitectonically defined areas: Amunts et al. 1999; Amunts et al. 2005; Caspers et al. 2013; Palomero-Gallagher et al. 2009;
Scheperjans et al. 2008.

bForming a separate cluster with modified MACM: ky = 303.

CForming a separate cluster with modified MACM: kyp = 177.

L = left; R = right; IFG/MFG/SFG = inferior/middle/superior frontal gyrus.
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Meta-Analytic Connectivity Modelling (MACM) Results for the Left Anterior Insula Cluster Using Standard

or Modified Algorithm

Cluster (Number of Voxels) /

Standard MACM

Modified MACM

Brain Region (Histological Assignment®) xyz Z-score xyz Z-score
Cluster 1 (ks= 13330/ ky = 1456)

L anterior insula -3420-2 9.43 -3420-2 8.78
L IFG (Area 44) / inferior frontal junction P -46 8 30 8.48 -46 8 30 8.30
L thalamus © -10-166 8.41 -8-206 8.26
L IFG, pars triangularis -46 26 22 8.37 - -
L putamen (pontes grisei) -2062 8.36 - -
LMFGd -36508 7.16 -36508 8.23
R anterior insula © 3620 -2 8.85 36 20 -2 8.49
R thalamus © 8-166 8.39 6-166 8.26
R IFG (Area 44) / inferior frontal junction 46 10 28 8.38 - -
R pallidum © 146-2 8.36 146 -2 8.24
R nucleus caudatus (ventral caudate) © 1062 7.99 1062 8.24
R MFG € 423818 7.97 424018 8.24
Cluster 2 (ks = 3215/ ky, = 1453)

L/R posterior medial SFG -2 16 46 8.61 -2 16 46 8.37
L/R midcingulate cortex (Area 32'/a24’) 42238 8.57 42238 8.35
Cluster 3 (ks = 1656)

L intraparietal sulcus (hIP3, hiP2, h1P1) -32-52 48 8.38 - -
L superior parietal lobule (7A, 7PC) -24 -66 50 7.12 - -
L inferior parietal lobule (PFt) -46 —-36 42 6.88 - -
Cluster 4 (ks =939/ ky = 76)

L fusiform gyrus (FG2) -42 -60 -16 8.38 - -
L cerebellum —-28 -62 -26 6.11 -28 —62 -26 8.21
Cluster 5 (ks = 892)

R intraparietal sulcus (hIP3, hIP2, hiP1) 32 -60 48 6.83 - -
Cluster 6 (ks =333)

L posterior STG / STS -52 -40 12 5.14 - -
L inferior parietal lobule (PFcm) -56 —38 20 4.19 - -
Cluster 7 (ks = 270)

R cerebellum 34 -64 -26 5.38 - -
Cluster 8 (ks = 226)

R posterior STG 60 -30 6 4.88 - -

Notes. X, y, z = peak voxel coordinates in MNI space; kg/ky = number of voxels in cluster obtained with standard/modified MACM algorithm.
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aReferences for cytoarchitectonically defined areas: Amunts et al. 1999; Caspers et al. 2013; Caspers et al. 2006; Choi et al. 2006; Palomero-
Gallagher et al. 2009; Scheperjans et al. 2008.

bForming a separate cluster with modified MACM: kp = 185.
CForming a separate cluster with modified MACM: k\p = 1791.
dForming a separate cluster with modified MACM: kp = 209.

eForming a separate cluster with modified MACM: k\ = 133.

L = left; R = right; IFG/MFG/SFG = inferior/middle/superior frontal gyrus; STG/STS = superior temporal gyrus/sulcus.
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Meta-Analytic Connectivity Modelling (MACM) Results for the Right Intraparietal Sulcus Cluster Using

Standard or Modified Algorithm

Standard MACM

Modified MACM

Cluster (Number of Voxels) /

Brain Region (Histological Assignment®) xyz Z-score xyz Z-score
Cluster 1 (ks = 10629 / ky = 4844)

R intraparietal sulcus (hIP1, hIP2, h1P3) 42 -44 46 9.00 42 44 46 8.56
R superior parietal lobule (7A, 7P, 7PC) 22 -7055 8.32 22 -66 50 8.22
R superior occipital gyrus 30 —66 42 7.87 30 -66 42 8.22
L intraparietal sulcus (hIP1, hIP2, h1P3) -40 -54 53 8.37 —-40 -54 53 8.25
L superior parietal lobule (7A, 7P, 7PC) -22 -66 50 8.34 -22 -66 50 8.23
L IFG (Area 44) / IFJP -50826 8.34 -50826 8.23
L anterior insula -34224 8.34 - -
L posterior MFG / precentral sulcus © -28-252 8.32 -28 -2 52 8.22
L MFG / IFG, pars triangularis d -4034 24 7.76 -40 34 24 8.22
L precuneus -8 -70 46 5.17 -8-7046 8.18
Cluster 2 (ks = 4455 / ky = 1180)

R anterior insula © 3622 -2 8.44 36 22 -2 8.28
R MFG 423824 8.39 423824 8.26
R IFG, pars opercularis / IFJ 4810 26 8.34 4810 26 8.23
R posterior SFG / MFG f 26 -2 58 7.96 26 -2 58 8.22
R IFG, pars triangularis 52 24 26 6.18 52 24 26 8.20
Cluster 3 (ks = 2214/ ky = 172)

R posterior medial SFG 420 46 8.35 420 46 8.24
L posterior medial SFG -2852 8.32 - -
R midcingulate cortex (Area 32’) 426 38 7.96 42638 8.22
L midcingulate cortex (Area 32/, a24’) -23032 5.23 - -
Cluster 4 (ks = 153)

R thalamus 12-146 5.81 - -
R thalamus 6-20-2 3.17 - -

Notes. X, y, z = peak voxel coordinates in MNI space; kg/kpm = number of voxels in cluster obtained with standard/modified MACM algorithm.

aReferences for cytoarchitectonically defined areas: Amunts et al. 1999; Choi et al. 2006; Palomero-Gallagher et al. 2009; Scheperjans et al. 2008.

bForming a separate cluster with modified MACM: ky = 51

CForming a separate cluster with modified MACM: ky = 218.
dForming a separate cluster with modified MACM: kpn = 369.

eForming a separate cluster with modified MACM: k\ = 263.

fForming a separate cluster with modified MACM: kp = 615.
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L = left; R = right; IFG/MFG/SFG = inferior/middle/superior frontal gyrus; IFJ = inferior frontal junction; STG/STS = superior temporal gyrus/
sulcus.
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Meta-Analytic Connectivity Modelling (MACM) Results for the Subgenual Cingulum Cluster Using Standard

or Modified Algorithm

Cluster (Number of Voxels) /

Standard MACM

Modified MACM

Brain Region (Histological Assignment®) xyz Z-score xyz Z-score
Cluster 1 (ks = 2632/ ky = 2531)

L/R subgenual cingulate cortex (Area s32) -4 36 -10 8.57 -436-10 8.35
L/R perigenual cingulate cortex (Area p24) 2380 8.33 2380 8.23
I(_Ayizzgpznzlﬁ:lpczi;]%ulate cortex / frontal pole _456-10 5.06 45610 8.16
R subgenual cingulate cortex (Area s24) 816 -12 4.67 816 -12 8.16
L Ncl. Accumbens / Ventral Pallidum -84-8 4.61 -84-10 8.16
R Ncl. Accumbens 1010-10 3.96 - -
L subgenual cingulate cortex (Area 25, 33) -210-6 3.90 -210-6 8.15
Cluster 2 (ks =535/ ky = 484)

L dorsal posterior cingulate cortex -6-5224 7.04 -6-5224 8.18
L ventral posterior cingulate cortex -4-5014 4.04 -65214 8.15
R dorsal posterior cingulate cortex 8-5230 3.70 8 -54 30 8.15
Cluster 3 (ks =272/ ky = 108)

L hippocampus (CA2, CA3) -22-14-20 571 -22-14-20 817
L amygdala (LB, SF) -20-8-22 497 -20-8-22  8.16
Cluster 4 (ks=119/ky =72)

L inferior parietal lobule (PGp, PGa) -48 —66 32 4.30 —-48 —-66 32 8.16
Cluster 5 (ky = 250)

R anterior ITG - - 50-2-34 8.14
Cluster 6 (ky = 70)

L anterior ITG - - -54 -12 -26 8.15
Cluster 7 (ky = 69)

R medial temporal pole - - 3014 -34 8.15
Cluster 8 (ky = 69)

R medial cerebellum - - 10 -62 —40 8.15
Cluster 9 (ky = 66)

L medial cerebellum - - -8 -52 -44 8.14
Cluster 10 (ky =51)

R superior frontal gyrus - - 203248 8.15

Notes. X, y, z = peak voxel coordinates in MNI space; kg/kn = number of voxels in cluster obtained with standard/modified MACM algorithm.

aReferences for cytoarchitectonically defined areas: Amunts et al. 2005; Bludau et al. 2013; Caspers et al. 2006; Palomero-Gallagher et al. 2009.

bForming a separate cluster with modified MACM: k\ = 221.

L = left; R = right; Ncl. = nucleus; ITG = inferior temporal gyrus.
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