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Abstract
Facial emotion processing is a basic psychological function of the human brain. Functional
neuroimaging techniques have been widely used to probe its neural substrates in healthy subjects.
However, like many other psychological functions, functional activations during facial emotion
processing have been reported throughout the brain, and the �ndings are largely inconsistent across
studies. Here, we attempted to test whether heterogeneous functional neuroimaging �ndings of facial
emotion processing localized to a connected network and whether network localization could partly
explain the poor reproducibility observed. First, using the activation likelihood estimation (ALE) meta-
analysis technique, we showed that individual-brain-based reproducibility was low across studies. Then,
using a new technique termed ‘activation network mapping’, which was adapted from lesion network
mapping, we found that network-based reproducibility across these same studies was rather high; also,
these seemingly heterogeneous functional neuroimaging �ndings mainly localized to a common brain
network. Finally, our localized network based on activation matched brain stimulation locations—and the
network derived from it—that disrupted facial emotion processing. It also aligned well with structural
abnormalities in alexithymia—a disorder characterized by a de�ciency in the ability to identify emotions,
and brain lesions that disrupt facial emotion processing. Our results suggest that heterogeneous
functional neuroimaging �ndings of facial emotion processing in healthy people localize to a common
connected network, which improves the seemingly poor reproducibility among functional neuroimaging
studies. Activation network mapping may prove to be a novel network-based technique that is potentially
broadly applicable to localize brain networks of cognitive functions based on brain activations in healthy
individuals.

Introduction
Facial emotion processing is a basic capacity of the human brain and plays a crucial role in normal
social functioning. Over the last two decades, functional neuroimaging techniques have been widely used
to study the neural substrate of facial emotion processing. However, like many other mental functions,
functional neuroimaging studies of facial emotion processing are plagued with low reproducibility due to
factors such as variability in study design and subject characters; �exibility in data collection, analysis
and reporting (Simmons, Nelson, & Simonsohn, 2011); and low statistical power (Ioannidis, 2005).

The prevailing de�nition of reproducibility in functional neuroimaging studies is mainly based on whether
the same brain regions were activated (Eickhoff et al., 2009; Yarkoni, Poldrack, Nichols, Van Essen, &
Wager, 2011), ignoring connections between them. However, an increasing number of studies indicate
that brain functions better localize to connected networks than to isolated brain regions (Bressler &
Menon, 2010). Similar to the view of Darby, Joutsa, and Fox (2019), which states that heterogeneous
structural neuroimaging �ndings of the same neuropsychiatric diseases and symptoms localize to a
common network, we propose that reproducibility in functional neuroimaging studies should also be
rede�ned in terms of the brain connectivity and network. We hypothesize that the seemingly poor
reproducibility of functional neuroimaging �ndings in healthy individuals localizes, in reality, to a highly
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reproducible network of connected brain regions, and many of the heterogeneous brain activations found
in different studies are part of the same network.

To identify the brain network underlying particular symptoms in brain-lesioned patients, a recently
developed technique termed lesion network mapping (LNM) has been widely used (Boes et al., 2015;
Darby, Joutsa, Burke, & Fox, 2018; Darby et al., 2019; Fasano, Laganiere, Lam, & Fox, 2017; Laganiere,
Boes, & Fox, 2016). LNM uses brain lesions as seeds to derive the brain network of speci�c symptoms
based on a large cohort of resting-state normative connectomes. This technique has been further
extended by replacing brain lesions with coordinates of brain structural atrophy (Burke et al., 2020;
Tetreault et al., 2020; Weil, Hsu, Darby, Soussand, & Fox, 2019) and brain stimulation sites (Siddiqi et al.,
2020) as seeds. Adapted from this technique, we proposed a novel technique termed activation network
mapping (ANM) to identify the brain network of facial emotion processing in healthy individuals.
Speci�cally, we used the reported activation coordinates as seeds to identify functional networks based
on independent normative resting-state fMRI connectomes from large healthy cohorts. Such a technique
is biologically plausible because 1) functional neural activations between remote brain regions are
strongly interrelated or functionally connected via the mechanism of “activity �ow”(Cole, Ito, Bassett, &
Schultz, 2016; Fries, 2005; V. A. Smith, Yu, Smulders, Hartemink, & Jarvis, 2006) and 2) resting-state
network architecture highly resembles the task-evoked network architecture at both the individual subject
level (Tavor et al., 2016) and group level (Cole, Bassett, Power, Braver, & Petersen, 2014; Crossley et al.,
2013; Fair et al., 2007; Fox & Raichle, 2007; Greicius, Krasnow, Reiss, & Menon, 2003; S. M. Smith et al.,
2009)

In the present study, we used the ANM technique to localize the network substrate of facial emotion
processing.
First, by dividing experiments into different emotions, we tested whether heterogeneous brain activations
across different experiments would localize to a common network within each emotion and whether the
identi�ed networks are composed of shared brain components between emotions.
Second, we pooled experiments of all emotions together to localize an emotion-general face processing
network and test its speci�city by comparing it with the activation network of non-emotional cognitive
processing.
Third, we tested whether our localization of facial emotion processing aligned with transcranial magnetic
stimulation (TMS) stimulation sites disrupting facial emotion processing. Finally, we tested whether these
localizations align with structural abnormalities in alexithymia—a disorder characterized by a de�ciency
in the ability to identify emotions, and brain lesions causing facial emotion recognition disorder.

Methods
Study selection

We adopted the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
guidelines (http://www.prisma-statement.org) to identify functional neuroimaging studies of facial
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emotion processing. Studies published from November 1, 1992, to June 14, 2018, were identi�ed by a
literature search of PubMed using the following combination of search terms: (“emotion” OR “affect” OR
“happy” OR “angry” OR “fear” OR “sad” OR “disgust” OR “valence” OR “pleasant” OR “unpleasant”) AND
(“face” OR “facial” OR “expression”) AND (“fMRI” OR “functional MRI” OR “functional magnetic resonance
imaging” OR “PET” OR “positron emission tomography” OR “neuroimaging”). Other sources include
reference lists of previous emotion-related meta-analytic studies, review articles, and �nally selected
studies. We only included experiments that (i) made use of fMRI or PET; (ii) involved healthy adult
participants; (iii) used emotional facial stimuli that could be categorized into one type of emotion; (iv)
reported whole-brain results in Talairach or Montreal Neurological Institute (MNI) space; (v) used neutral
faces as the control; (vi) included activation coordinates (not deactivation).

To obtain a comprehensive and representative control group, we selected non-emotional cognitive
processing experiments from the BrainMap database. As of October 2020, BrainMap included more than
130,000 experiments, these experiments were categorized into �ve behavior domains—action, cognition,
emotion, perception, and interoception. To be consistent with the inclusion criteria of facial emotion
processing experiments described above, we only included experiments that (i) involved healthy adult
participants; (ii) reported whole-brain results in Talairach or MNI space; (iii) reported activation data (not
deactivation); (iv) belonged to behavior domains other than emotion. Finally, 145 non-emotional
experiments were randomly selected from candidate experiments that met all these inclusion criteria.

Activation likelihood estimation (ALE)

Activation-based meta-analysis was performed using GingerALE 2.3.6 (http://www.brainmap.org/ale/). A
detailed description of the ALE algorithm has been published elsewhere (Eickhoff, Bzdok, Laird, Kurth, &
Fox, 2012; Eickhoff et al., 2009). Brie�y, coordinates reported in Talairach space were linearly transformed
into MNI space using the Lancaster transformation (Lancaster et al., 2007). The modeled activation map
for each experiment was created by modeling each coordinate within each experiment as the center of a
three-dimensional Gaussian kernel with a full-width at half-maximum (FWHM) value corresponding to
sample size and probabilities of activation in each voxel. To identify clusters of signi�cant convergence,
these modeled activation maps were compared with those from a null distribution by relocating the same
number of foci randomly across the whole brain. This comparison resulted in nonparametric p-value
maps that were further thresholded at P < 0.05, cluster-level corrected (cluster-forming threshold at voxel-
level P < 0.001) with 1000 permutations to correct for multiple comparisons.

ANM

To test whether brain activations associated with facial emotion processing localize to a common
network, we used a new technique termed ANM, which was extended from the LNM technique (Boes et al.,
2015). First, a 4-mm sphere centered on each coordinate of an experiment was created. To allow
experiment-level random-effect inferences (Eickhoff et al., 2009; Yarkoni et al., 2011), we merged these
spheres of the same experiment to obtain a combined seed, which was treated as modeled activation
maps. Then, using a normative connectome of 1000 subjects from the Human Connectome Project
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(HCP) (Van Essen et al., 2013), we identi�ed activation network maps de�ned as brain regions
functionally connected to the modeled activation maps. Speci�cally, for each normative subject in our
HCP dataset, we calculated Pearson’s correlation coe�cient between the average time course of all
voxels within the modeled activation map and the time course of every voxel in the whole brain. Each
resulting subject-level r map was transformed to a z map via Fisher’s z transformation. We exclude
negative correlations in our analysis since the interpretation of biological mechanisms of negative
correlations is ambiguous (Murphy, Birn, Handwerker, Jones, & Bandettini, 2009). Next, we conducted two
complementary types of sensitivity analyses to obtain a group-level activation network map (Fig. 1). In
the �rst approach, the above 1000 subject-level z maps for each experiment were combined to generate
an experiment-level t map using a voxelwise two-tailed one-sample t-test; the map was then thresholded
and binarized at T > 5.23, corresponding to voxelwise familywise error (FWE)-corrected P < 0.05. Finally, all
binarized maps within each emotion category overlapped and were thresholded at 60% to create a group-
level activation network overlap map. The suprathreshold clusters in this map were brain regions
functionally connected to more than 60% of experiments. In the second approach, the above 1000
subject-level z maps of each experiment were averaged to create an experiment-level mean activation
network z map. Then, all z maps under each emotion category were combined to create a group-level
activation network t map using a voxelwise one-sample t-test. Finally, the resultant t map was
thresholded at a cluster-level FWE corrected p-value of 0.05 (cluster-forming threshold at voxel-level p < 
0.001). For the emotion-general category, the t map was thresholded at a more conservative voxel-level
FWE corrected p-value of 0.05. The suprathreshold clusters were brain regions signi�cantly connected to
brain activations across experiments.

Speci�city of ANM

To test whether the above obtained activation network maps were speci�c to facial emotion processing,
we compared unthresholded activation network maps (experiment-level mean activation network z maps)
of facial emotion processing with those of non-emotional cognitive processing using a voxelwise two-
sample t-test implemented in Statistical non-Parametric Mapping (SnPM13, http://warwick.ac.uk/snpm).
We corrected multiple comparisons using permutation-based testing with 5000 permutations and cluster-
level FWE corrected P < 0.05 (cluster-forming threshold at voxel-level p < 0.001). To ensure that the results
were robust to different statistical approaches, analyses were repeated using a Liebermeister test
implemented in NiiStat software (www.nitrc.org/projects/niistat), which compared the above experiment-
level binarized activation network t maps of each experiment with those of non-emotional cognitive
processing. As recommended previously (Karnath, Sperber, & Rorden, 2018), only voxels that survived in
more than 10% of our binarized activation network maps were included in the statistical analysis. A total
of 5000 permutations and voxel-level FWE corrected P < 0.05 for multiple comparisons were used.

Replication analysis

Split-half replication

http://www.prisma-statement.org/
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To test for the internal reliability of our ANM results, we randomly divided all facial emotion processing
experiments into two equal subgroups. Activation network maps were created separately for each
subgroup as described above, and spatial correlation was computed to assess the similarity between
these two maps.

Replication using a different seed size

To ensure that our network localization was independent of seed size, we repeated the analysis using a
larger sphere size of 8 mm.
Replication using another normative connectome dataset

To ensure that our results were independent of the normative connectome database used to derive
activation network maps, we repeated our ANM procedure using 1000 normative connectomes of healthy
subjects from another publicly available database—the Genome Superstruct Project (GSP) (Holmes et al.,
2015; Yeo et al., 2011). The preprocessing steps of the GSP dataset are described in the Supplementary
Methods.

Distribution of facial emotion processing network in basic network modules

To determine which network modules comprise the identi�ed facial emotion processing network, we
computed the percentage of regions in each of the well-known seven network modules identi�ed by Yeo
et al. (2011).

Relevance to TMS stimulation sites disrupting facial emotion processing

To identify studies in which facial emotion processing was disrupted by focal noninvasive brain
stimulation using TMS, we searched PubMed for articles using the search terms (“TMS” OR “transcranial
magnetic stimulation”) and (“facial emotion”, OR “facial expression”, OR “affective”). A total of 372
studies were retrieved. We only included experiments that (i) involved healthy adult subjects; (ii) used a
facial emotion processing task and reported disruption (either reduced accuracy or increased reaction
time); (iii) delivered TMS to the scalp covering the cerebral cortex; (iv) listed stimulation coordinates in a
standard reference space (Talairach or MNI). Stimulation coordinates were extracted from the selected
studies, and a stimulation-site network overlap map was generated using the ANM procedures described
above. We did not calculate the activation network t map due to the low statistical power caused by the
small sample size (n = 13).

To test whether stimulation sites disrupting facial emotion processing were functionally connected with
brain activation during facial emotion processing and whether such connectivity was speci�c, we
conducted region of interest (ROI)-based sensitivity and speci�city analyses. Brie�y, a modeled
stimulation-site map was created by combining all spherical seeds of stimulation sites as described
above. We also created a modeled control site map using vertex coordinates extracted from �nally
selected TMS studies since all these studies used vertices as control sites. As described above, for each
of the 1000 normative subjects in our HCP dataset, we calculate Pearson’s correlation coe�cient between
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the average time course of voxels within the modeled activation map and that within the modeled
stimulation/control site map. Then, these r values were converted to a normal distribution using Fisher’s r
to z transform and averaged to obtain the experimental-level z score. Finally, group comparisons were
analyzed using a one-sample t-test for sensitivity analysis and a two-sample t-test for speci�city analysis.
We conducted ROI-based speci�city analyses in two ways. First, we tested whether TMS stimulation
maps disrupting facial emotion processing were signi�cantly more connected to activation maps of
facial emotion processing than to activation maps of non-emotional cognitive processing. Second, we
tested whether TMS stimulation maps disrupting facial emotion processing were signi�cantly more
connected to activation maps of facial emotion processing than to vertex control maps.

Relevance to gray matter volume (GMV) reduction in alexithymia

Alexithymia refers to a de�ciency in the ability to identify and express emotions. A recent meta-analytic
VBM study of alexithymia by Xu, Opmeer, van Tol, Goerlich, and Aleman (2018) found converging brain
regions with smaller GMV in alexithymia. Peak coordinates of brain regions with converging GMV
reduction were extracted from this meta-analysis. As described above, we created 4-mm spherical seeds
centered on each coordinate and combined these seeds to create a modeled atrophy map of alexithymia.
Then, ROI-based sensitivity and speci�city analyses were conducted to test whether the modeled atrophy
map of alexithymia was functionally connected to activation maps of facial emotion processing and
whether this connectivity was speci�c when compared with non-emotional cognitive processing.

Relevance to lesions that disrupt facial emotion processing

Previous focal lesion studies have reliably demonstrated that lesions in the amygdala (Adolphs, Tranel,
Damasio, & Damasio, 1994; Brierley, Medford, Shaw, & David, 2004; Vuilleumier, Richardson, Armony,
Driver, & Dolan, 2004), ventromedial prefrontal cortex (vmPFC) (Adolphs, 2014; Roy, Shohamy, & Wager,
2012; Willis, Palermo, McGrillen, & Miller, 2014; Wolf, Philippi, Motzkin, Baskaya, & Koenigs, 2014), and
insula (Boucher et al., 2015) disrupt a person’s ability to recognize emotional facial expressions.
Anatomical ROIs for these three brain regions were de�ned according to Automated Anatomical Labeling
(AAL) template labels (Tzourio-Mazoyer et al., 2002). To test whether these brain regions are functionally
connected to brain activations during facial emotion processing and whether these functional
connectivities are speci�c compared with non-emotional cognitive processing, ROI-based sensitivity and
speci�city analyses were performed as above.

Results
A total of 141 studies with 230 experiments comprising 3138 participants were included in our study
(Table 1).
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Table 1
Descriptive statistics of the emotions included in the meta-

analyses.
Emotion Studies Experiments Participants Foci

Anger 37 39 1226 224

Aversion 2 2 88 16

Disgust 24 24 415 202

Fear 75 78 1799 620

Happiness 43 44 1156 362

approach 2 2 29 17

Negative 11 11 236 102

Pain 3 3 40 83

Sadness 22 23 741 179

Surprise 4 4 67 29

 

ALE meta-analysis of brain activation

The ALE meta-analysis was carried out on �ve basic emotions: anger, disgust, fear, happiness, and
sadness. We did not perform the analysis on the other basic emotion—surprise—due to its extremely
small number of experiments (n = 4). The ALE meta-analytic results show that, within each basic emotion,
some brain regions do engage more often than by chance (Fig. 2a). However, only 21% of experiments in
anger (8/39), 29% of experiments in disgust (7/24), 37% of experiments in fear (29/78), 25% of
experiments in happiness (11/44), and 17% of experiments in sadness (4/23) contributed to their most
consistent �ndings respectively. Although with large sample sizes, the signi�cantly activated regions were
sparse for sadness, happiness, and disgust. Between emotions, no brain regions displayed consistent
activation across all 5 basic emotions, and only the left amygdala showed activation in 4 of the 5 basic
emotions. The spatial correlation matrix between each pair of unthresholded z maps obtained from the
ALE meta-analysis illustrated few similarities in activation patterns among the basic emotions (mean r = 
0.21, Figure S2).

Network localization of individual basic emotions

Next, we performed ANM to determine whether these highly inconsistent brain activations across
experiments localized to a common network. The resulting activation network overlap maps showed that,
within each basic emotion, over 92% of experiments in anger (36/39), 88% of experiments in disgust
(21/24), 81% of experiments in fear (63/78), 66% of experiments in happiness (29/44), and 78% of
experiments in sadness (18/23) were functionally connected to the same region (Fig. 2b; Table S2).
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Among basic emotions, the spatial correlation of unthresholded overlap maps between each basic
emotion illustrated that the similarities of network patterns were very high—ranging from 0.77 to 0.87
(mean r = 0.82); these similarities were signi�cantly higher than those determined by the ALE meta-
analysis (p < 0.0001, Figure S2).

Similar results were found in activation network t maps obtained using the second approach, with the
temporal pole also being the most signi�cantly connected region and with considerable similarities of
network patterns among the basic emotions (mean r = 0.85, Fig. 2c and Table S3). The spatial
correlations between the unthresholded network overlap map and unthresholded network t map under
each basic emotion ranged from 0.76 to 0.85 (mean r = 0.82), indicating that the resulting network maps
were highly consistent across these two complementary approaches.

Network localization of emotion-general processing
To identify the emotion-general brain network, experiments of all emotions were pooled and analyzed
using the same approach as described above. Since the resulting activation network overlap map and t
map are very similar, to make full use of the high statistical power afforded by the large sample size (n = 
230) and to avoid arbitrariness when setting the overlap threshold in the alternative approach, we decided
to make the activation network t map our primary result in the following analysis. The activation network
t map included well-known emotion-related regions such as the orbitofrontal cortex, insula, amygdala,
hypothalamus, cingulate gyrus, hippocampus, and many other subcortical nuclei (Fig. 3b). Moreover, the
visual cortex, which includes the fusiform face area (FFA), is also part of the identi�ed facial emotion
processing network. Since the network patterns among basic emotions are highly similar, these results
are unlikely to be driven by any single type of emotion. Speci�city analysis showed that connectivity to
these regions was mainly speci�c compared with brain activations during non-emotional cognitive
processing (Fig. 3c). Similar connectivity patterns were found when different statistical approaches were
used (Figure S3).

Subsequent examination of the spatial distribution of these facial emotion-related regions in the seven
well-known functional network modules identi�ed by Yeo et al. (2011) showed that facial emotion
processing was speci�cally associated with the default mode network (DMN), limbic network (LN), and
visual network (VN) (Fig. 3c).

The network pattern of facial emotion processing was highly reliable when split into two randomized
subgroups (spatial correlation r = 0.98, Figure S4) or when a larger seed size of 8 mm (spatial correlation 
= 0.998, Figure S5b) was used. Also, the network pattern of facial emotion processing was independent
of the normative connectome datasets used. The regions identi�ed using the normative connectome of
1000 subjects from the HCP were still clearly present in networks derived using GSP datasets (Figure
S5c). The connectivity patterns between these two datasets were also highly similar (spatial correlation = 
0.88).

Network localization of TMS stimulation sites that disrupt facial emotion processing
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We examined TMS studies on facial emotion processing to test whether the network derived from ANM
aligned with the results of prior brain stimulation studies. Through a systematic literature search, we
identi�ed 9 studies with 13 stimulation sites that disrupt facial emotion processing in healthy subjects
(Table S1; Figure S6). Like brain activations during facial emotion processing, stimulation sites reported
to disrupt facial emotion processing have been highly heterogeneous across different studies. However,
11 of the 13 stimulation seeds overlapped with the facial emotion processing network derived from ANM;
the remaining 2 seeds were within 6 mm of the nearest cluster (Fig. 4a).

Nine of the 13 stimulation seeds overlapped with the emotion-speci�c network obtained from speci�city
analysis.
Network localization of heterogeneous TMS stimulation sites using the ANM technique indicated that
these different stimulation sites were part of a common functionally connected brain network, which
overlapped very well with our facial emotion networks derived from brain activations (Dice index = 0.57).
ROI-based sensitivity and speci�city analysis indicated that stimulation sites that disrupt facial emotion
processing were signi�cantly connected to activations of facial emotion processing, and this connectivity
was speci�c when compared with activations of both non-emotional cognitive processing (p < 0.001) and
vertex control sites (p < 0.001, Fig. 4c)

Relevance to GMV reduction in alexithymia

Four peak coordinates were reported in Xu’s study (Xu et al., 2018). Three of the four spherical seeds
centered on these coordinates overlapped with our localized facial emotion processing network, and the
remaining seed was within 5 mm of the nearest cluster. Two spherical seeds overlapped with the
emotion-speci�c network derived from speci�city analysis. ROI-based sensitivity and speci�city analysis
showed that brain activations under facial emotion processing were signi�cantly connected to brain
regions associated with alexithymia (p = 0.002); this connectivity was speci�c to brain activations during
facial emotion processing when compared with non-emotional cognitive processing (p < 0.001, Fig. 5).

Relevance to lesions that disrupt facial emotion processing

Both the insula and vmPFC partly overlapped with the identi�ed facial emotion processing network,
whereas the entire bilateral amygdala was included within this network. ROI-based sensitivity and
speci�city analysis showed that all three regions were signi�cantly connected to brain activations during
facial emotion processing. For the amygdala and vmPFC, but not the insula, this connectivity was
speci�c compared with non-emotional cognitive processing (Fig. 6).

Discussion
Using the novel ANM technique, we obtained several noteworthy results. First, though the results of
discrete-brain-based ALE meta-analysis indicated that reproducibility was relatively low across
neuroimaging �ndings, they were indeed highly reproducible in terms of connectivity and network.
Second, the shared brain networks across �ve basic emotions supported conceptual act theory rather
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than basic emotion theory. Third, our network localization of facial emotion processing aligned
remarkably well with brain stimulation sites—and the network derived from it—that disrupt facial emotion
processing in healthy individuals. Finally, brain structural abnormalities associated with alexithymia and
brain lesions that disrupt facial emotion processing were functionally connected to regions activated
during facial emotion processing.

Our study is the �rst to empirically show that network localization could, at least partly, explain the low
reproducibility observed across functional neuroimaging studies and that these heterogeneous brain
locations activated during facial emotion processing localize to a common connected brain network. The
latter is consistent with �ndings from previous LNM studies that showed that heterogeneous brain
lesions localize to a common network across a variety of neurologic and neuropsychiatric symptoms as
well as neurodegenerative diseases (Darby et al., 2019; Fox, 2018; Tetreault et al., 2020; Weil et al., 2019).
However, the current work only suggests that localizing brain function to discrete brain regions rather
than networks may be one of the main reasons for the low reproducibility noted among functional
imaging studies, but not the only reason. We propose that factors that cause low reproducibility can be
categorized into two groups. The �rst is the “false-positive” group. This group can lead to the activations
of brain regions that are not associated with the target brain function. For example, the noise signal and
incorrect implementation of experimental procedures. Factors of this group could reduce the
reproducibility of both traditional activation localization studies and our network localization. This may
explain why we did not �nd brain regions that were connected to all experiments. The second group is
termed “false negative”. This group can make brain regions associated with target cognitive function
undetectable. For example, in studies with low statistical power due to small sample sizes, only the
strongly activated neural components (such as hub regions) of the network could survive the statistical
threshold, leaving weakly activated regions undetected. Furthermore, cognitive functions emerge from
combinations of basic psychological and neural units. Different neuroimaging studies investigating the
same cognitive function may use different types of experimental materials and tasks, which may have
different demand on the same psychological unit, thus different likelihood of activation on the same
neural unit. With the ANM technique, we can take advantage of the high statistical power guaranteed by
the large resting-state normative human connectome (1000 subjects) to recover the undetected brain
components of the network, thus eliminating the effect of false-negative factors (but not false-positive
factors) and boosting reproducibility across different studies.

Previous LNM studies mostly relied on t-value thresholds to de�ne whether two regions were connected.
After that, the thresholded t maps were binarized and overlapped before being thresholded again at a
certain percentage. The strength of this approach is that 1) the binarized maps could be compared
intuitively with traditional binarized lesion maps, and 2) the resulting network could be interpreted
straightforwardly (connected or not) (Cohen & Fox, 2020). The drawback is that the localized network is
largely dependent upon the selection of the t-value threshold and sample size of the normative
connectome—both of which were inconsistent across previous LNM studies and lack clear guidelines
(Sperber & Dadashi, 2020). Furthermore, when thresholding the overlap map of the binarized t map, the
thresholds were arbitrary and inconsistent across previous LNM studies (ranging from 55–93%). To
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overcome these limitations, we adopted an additional approach to conduct sensitivity analysis. We used
a one-sample t-test to combine these experiment-level mean z maps, which were far less dependent upon
the sample size of the normative connectome database. Then, we could resort to common practice in
statistical parametric mapping when thresholding the group-level activation network t map, and the
resulting suprathreshold clusters could be thought of as brain regions that were signi�cantly connected
to activated regions across experiments. The strengths and weaknesses of these two approaches are
complementary. Using both approaches made our results more robust.

Our ANM analysis revealed a complex and interconnected network involved in facial emotion processing.
This network includes well-known emotion-related regions such as the amygdala, insula, medial
prefrontal cortex, and thalamus. Although neutral faces were used as control stimuli in the original task-
fMRI experiments, this network also comprises a large part of the visual cortex that includes the FFA. It is
consistent with previous �ndings that visual cortical activity and emotion are intertwined (Kragel, Reddan,
LaBar, & Wager, 2019). Both activation network overlap maps and activation network t maps indicate that
the temporal pole is the most connected region for all �ve basic emotions as well as the emotion-general
category. The temporal pole has long been considered part of the extended limbic system due to its tight
connection with the limbic and paralimbic systems (Duvernoy, 1999; Mesulam, 2000). By binding highly
processed perceptual information to visceral emotional responses, it takes part in both social and
emotional processing, including facial recognition (Damasio, Tranel, & Damasio, 1990) and theory of
mind ((Saxe & Powell, 2006), see Olson, Plotzker, and Ezzyat (2007) for a review). Speci�city analysis
revealed that facial emotion processing speci�cally activated the LN, VN, and DMN. These �ndings are
consistent with previous studies: The LN is well known for its role in emotion processing; The VN, which
includes the FFA, is presumably responsible for face-related visual information during facial emotion
processing; the DMN plays a key role in constructing discrete emotion processing (Lindquist, Wager,
Kober, Bliss-Moreau, & Barrett, 2012; Satpute & Lindquist, 2019; Vytal & Hamann, 2010), and damage to
DMN nodes impairs one’s ability to identify facial expressions of discrete emotions (Campanella, Shallice,
Ius, Fabbro, & Skrap, 2014; Dal Monte et al., 2013; Jastorff et al., 2016; Krause et al., 2009; Lindquist,
Gendron, Barrett, & Dickerson, 2014; Tsuchida & Fellows, 2012).

A longstanding controversy in neuroimaging studies of emotion has centered on whether different
emotions have their respective characteristic and discriminable neural signatures—termed “basic emotion
theory”—or whether they emerge from the combination of shared basic psychological function units and
corresponding neural components—termed “conceptual act theory” (Hamann, 2012; Lindquist & Barrett,
2012; Lindquist et al., 2012). Though the low similarity between activation patterns of basic emotions
from activation-based ALE meta-analysis seems to support basic emotion theory, our results from
network-based ANM meta-analysis indicated that different basic emotions share a common set of neural
components. This �nding provides strong evidence for conceptual act theory, which proposes that
emotions arise from the combination of emotion-general or even domain-general basic cognitive (and
corresponding neural) components that perform basic cognitive functions such as sensation, attention,
and memory. This �nding is also in line with prior works that showed that common brain regions and
networks are consistently activated across different basic emotions (Kober et al., 2008; Lindquist et al.,
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2012; Touroutoglou, Lindquist, Dickerson, & Barrett, 2015; Vytal & Hamann, 2010). Another interesting
�nding is that ALE analysis indicated that the middle occipital gyrus was the sole region signi�cantly
activated in disgust, making it distinct from all other emotions, whereas ANM analysis showed that the
network pattern for disgust was highly similar to that of other emotions—with the temporal pole, fusiform
gyrus, amygdala, insula being the most connected regions. All these results implied that exploring brain-
behavior relations at different levels (either the level of individual brain regions or the level of the network)
could sometimes lead to entirely different results. In most cases, understanding brain-behavior mappings
at the level of individual brain regions is less productive since complex behaviors are always collectively
supported by networks of brain regions (Pessoa, 2014, 2018).

Functional neuroimaging research has long been criticized for providing only correlational information
but not necessarily causal information. However, our network derived from ANM aligned remarkably well
with the network derived from heterogeneous TMS stimulation sites that disrupt facial emotion
processing in healthy individuals, and a causal relationship between brain and behavior can be drawn
from TMS studies. Nevertheless, future work can address whether our network can differentiate TMS
stimulation sites that disrupt facial emotion from those that do not. Our results of ANM are also
consistent with the results of VBM studies of alexithymia and lesion-behavior studies (as the gold
standard) of facial emotion processing.

Qualitatively, these structurally abnormal regions and lesions overlap with our localized network.
Quantitatively, they are functionally connected to brain activations during facial emotion processing. This
further proved that the relationship between brain networks derived from ANM and facial emotion
processing is not correlational but causal. Convergent �ndings of these four tools—functional
neuroimaging, TMS, VBM, and lesions—make us con�dent in the validity of ANM as a novel tool to
localize networks of cognitive functions in healthy individuals. It also adds new connectivity-based
evidence to the theory of “coupling between the structure and function of the human brain” (Alexander-
Bloch, Raznahan, Bullmore, & Giedd, 2013; Honey, Thivierge, & Sporns, 2010; Kelly et al., 2012).

Limitations

There are several limitations to our study. First, as with previous coordinate-based network mapping
studies, we created spheres centered on each coordinate and combined them to model the activation
map of functional neuroimaging studies. However, the real activation map may have continuously
extended broadly across brain regions; thus, a large proportion of activating signals could have been
missed in the modeled activation map. A potential solution to this limitation would be to extract ROIs
from activation-based or connectivity-based parcellation atlases (e.g., the Atlas of Intrinsic Connectivity
of Homotopic Areas (AICHA)) that reported activation coordinates fall within, and use these ROIs as
seeds. Second, unlike previous LNM studies, we did not �nd brain regions that were connected to 100% of
the experiments, and we also used a less conservative overlapping threshold (60%).

In other words, the reproducibility of the network localized by the ANM technique seems to be lower than
that localized by LNM.
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This occurrence is reasonable to expect, given that compared with brain lesions, brain activations are
temporally unstable, are more vulnerable to methodological heterogeneity, and are hampered by noises
abundant in functional neuroimaging. All these features can introduce noise into our ANM results.
However, these factors should bias us against �nding the present common brain network. Finally, the
present study was limited to only one psychological function. To extend the validity of this technique, it
will be necessary to use it to localize networks of other psychological functions. Like facial emotion
processing, many other psychological functions, such as vision (Kim, Kay, Shulman, & Corbetta, 2018;
Sehatpour et al., 2008), memory (Sestieri, Corbetta, Romani, & Shulman, 2011; Vincent et al., 2006),
language (Fedorenko & Thompson-Schill, 2014), attention (Ptak, 2012), and social cognition (Lee, Farrow,
Spence, & Woodruff, 2004), have been shown to emerge from a distributed set of brain regions interacting
with each other to form a network. Therefore, we are optimistic that this technique can also be used to
localize networks of these psychological functions.

Declarations
Data availability

The data that support the �ndings of this study are available from the corresponding author upon
reasonable request.

Code availability

The computer code that supports the �ndings of this study is available from the corresponding author
upon reasonable request.

References
Adolphs, R. (2014). Social attention and the ventromedial prefrontal cortex. Brain, 137(Pt 6), 1572-1574.
doi:10.1093/brain/awu108

Adolphs, R., Tranel, D., Damasio, H., & Damasio, A. (1994). Impaired recognition of emotion in facial
expressions following bilateral damage to the human amygdala. Nature, 372(6507), 669-672.
doi:10.1038/372669a0

Alexander-Bloch, A., Raznahan, A., Bullmore, E., & Giedd, J. (2013). The convergence of maturational
change and structural covariance in human cortical networks. J Neurosci, 33(7), 2889-2899.
doi:10.1523/jneurosci.3554-12.2013

Ashburner, J. (2007). A fast diffeomorphic image registration algorithm. Neuroimage, 38(1), 95-113.
doi:10.1016/j.neuroimage.2007.07.007

Boes, A. D., Prasad, S., Liu, H., Liu, Q., Pascual-Leone, A., Caviness, V. S., Jr., & Fox, M. D. (2015). Network
localization of neurological symptoms from focal brain lesions. Brain, 138(Pt 10), 3061-3075.



Page 15/26

doi:10.1093/brain/awv228

Boucher, O., Rouleau, I., Lassonde, M., Lepore, F., Bouthillier, A., & Nguyen, D. K. (2015). Social information
processing following resection of the insular cortex. Neuropsychologia, 71, 1-10.
doi:10.1016/j.neuropsychologia.2015.03.008

Bressler, S. L., & Menon, V. (2010). Large-scale brain networks in cognition: emerging methods and
principles. Trends Cogn Sci, 14(6), 277-290. doi:10.1016/j.tics.2010.04.004

Brierley, B., Medford, N., Shaw, P., & David, A. S. (2004). Emotional memory and perception in temporal
lobectomy patients with amygdala damage. J Neurol Neurosurg Psychiatry, 75(4), 593-599.
doi:10.1136/jnnp.2002.006403

Burke, M. J., Joutsa, J., Cohen, A. L., Soussand, L., Cooke, D., Burstein, R., & Fox, M. D. (2020). Mapping
migraine to a common brain network. Brain, 143(2), 541-553. doi:10.1093/brain/awz405

Campanella, F., Shallice, T., Ius, T., Fabbro, F., & Skrap, M. (2014). Impact of brain tumour location on
emotion and personality: a voxel-based lesion-symptom mapping study on mentalization processes.
Brain, 137(Pt 9), 2532-2545. doi:10.1093/brain/awu183

Cohen, A. L., & Fox, M. D. (2020). Reply: The in�uence of sample size and arbitrary statistical thresholds
in lesion-network mapping. Brain. doi:10.1093/brain/awaa095

Cole, M. W., Bassett, D. S., Power, J. D., Braver, T. S., & Petersen, S. E. (2014). Intrinsic and task-evoked
network architectures of the human brain. Neuron, 83(1), 238-251. doi:10.1016/j.neuron.2014.05.014

Cole, M. W., Ito, T., Bassett, D. S., & Schultz, D. H. (2016). Activity �ow over resting-state networks shapes
cognitive task activations. Nat Neurosci, 19(12), 1718-1726. doi:10.1038/nn.4406

Crossley, N. A., Mechelli, A., Vertes, P. E., Winton-Brown, T. T., Patel, A. X., Ginestet, C. E., . . . Bullmore, E. T.
(2013). Cognitive relevance of the community structure of the human brain functional coactivation
network. Proc Natl Acad Sci U S A, 110(28), 11583-11588. doi:10.1073/pnas.1220826110

Dal Monte, O., Krueger, F., Solomon, J. M., Schintu, S., Knutson, K. M., Strenziok, M., . . . Grafman, J.
(2013). A voxel-based lesion study on facial emotion recognition after penetrating brain injury. Soc Cogn
Affect Neurosci, 8(6), 632-639. doi:10.1093/scan/nss041

Damasio, A. R., Tranel, D., & Damasio, H. (1990). Face agnosia and the neural substrates of memory.
Annu Rev Neurosci, 13, 89-109. doi:10.1146/annurev.ne.13.030190.000513

Darby, R. R., Joutsa, J., Burke, M. J., & Fox, M. D. (2018). Lesion network localization of free will. Proc Natl
Acad Sci U S A, 115(42), 10792-10797. doi:10.1073/pnas.1814117115



Page 16/26

Darby, R. R., Joutsa, J., & Fox, M. D. (2019). Network localization of heterogeneous neuroimaging
�ndings. Brain, 142(1), 70-79. doi:10.1093/brain/awy292

Duvernoy, H. (1999). The human brain: surface, blood supply, and three-dimensional anatomy. Wien NY:
Springer Verlag.

Eickhoff, S. B., Bzdok, D., Laird, A. R., Kurth, F., & Fox, P. T. (2012). Activation likelihood estimation meta-
analysis revisited. Neuroimage, 59(3), 2349-2361. doi:10.1016/j.neuroimage.2011.09.017

Eickhoff, S. B., Laird, A. R., Grefkes, C., Wang, L. E., Zilles, K., & Fox, P. T. (2009). Coordinate-based
activation likelihood estimation meta-analysis of neuroimaging data: a random-effects approach based
on empirical estimates of spatial uncertainty. Hum Brain Mapp, 30(9), 2907-2926.
doi:10.1002/hbm.20718

Fair, D. A., Schlaggar, B. L., Cohen, A. L., Miezin, F. M., Dosenbach, N. U., Wenger, K. K., . . . Petersen, S. E.
(2007). A method for using blocked and event-related fMRI data to study "resting state" functional
connectivity. Neuroimage, 35(1), 396-405. doi:10.1016/j.neuroimage.2006.11.051

Fasano, A., Laganiere, S. E., Lam, S., & Fox, M. D. (2017). Lesions causing freezing of gait localize to a
cerebellar functional network. Ann Neurol, 81(1), 129-141. doi:10.1002/ana.24845

Fedorenko, E., & Thompson-Schill, S. L. (2014). Reworking the language network. Trends Cogn Sci, 18(3),
120-126. doi:10.1016/j.tics.2013.12.006

Ferrari, C., Lega, C., Vernice, M., Tamietto, M., Mende-Siedlecki, P., Vecchi, T., . . . Cattaneo, Z. (2016). The
Dorsomedial Prefrontal Cortex Plays a Causal Role in Integrating Social Impressions from Faces and
Verbal Descriptions. Cereb Cortex, 26(1), 156-165. doi:10.1093/cercor/bhu186

Fox, M. D. (2018). Mapping Symptoms to Brain Networks with the Human Connectome. N Engl J Med,
379(23), 2237-2245. doi:10.1056/NEJMra1706158

Fox, M. D., & Raichle, M. E. (2007). Spontaneous �uctuations in brain activity observed with functional
magnetic resonance imaging. Nat Rev Neurosci, 8(9), 700-711. doi:10.1038/nrn2201

Fries, P. (2005). A mechanism for cognitive dynamics: neuronal communication through neuronal
coherence. Trends Cogn Sci, 9(10), 474-480. doi:10.1016/j.tics.2005.08.011

Glasser, M. F., Sotiropoulos, S. N., Wilson, J. A., Coalson, T. S., Fischl, B., Andersson, J. L., . . . Jenkinson, M.
(2013). The minimal preprocessing pipelines for the Human Connectome Project. Neuroimage, 80, 105-
124. doi:10.1016/j.neuroimage.2013.04.127

Greicius, M. D., Krasnow, B., Reiss, A. L., & Menon, V. (2003). Functional connectivity in the resting brain: a
network analysis of the default mode hypothesis. Proc Natl Acad Sci U S A, 100(1), 253-258.
doi:10.1073/pnas.0135058100



Page 17/26

Hamann, S. (2012). Mapping discrete and dimensional emotions onto the brain: controversies and
consensus. Trends Cogn Sci, 16(9), 458-466. doi:10.1016/j.tics.2012.07.006

Holmes, A. J., Hollinshead, M. O., O'Keefe, T. M., Petrov, V. I., Fariello, G. R., Wald, L. L., . . . Buckner, R. L.
(2015). Brain Genomics Superstruct Project initial data release with structural, functional, and behavioral
measures. Sci Data, 2, 150031. doi:10.1038/sdata.2015.31

Honey, C. J., Thivierge, J. P., & Sporns, O. (2010). Can structure predict function in the human brain?
Neuroimage, 52(3), 766-776. doi:10.1016/j.neuroimage.2010.01.071

Ioannidis, J. P. (2005). Why most published research �ndings are false. PLoS Med, 2(8), e124.
doi:10.1371/journal.pmed.0020124

Jastorff, J., De Winter, F. L., Van den Stock, J., Vandenberghe, R., Giese, M. A., & Vandenbulcke, M. (2016).
Functional dissociation between anterior temporal lobe and inferior frontal gyrus in the processing of
dynamic body expressions: Insights from behavioral variant frontotemporal dementia. Hum Brain Mapp,
37(12), 4472-4486. doi:10.1002/hbm.23322

Karnath, H. O., Sperber, C., & Rorden, C. (2018). Mapping human brain lesions and their functional
consequences. Neuroimage, 165, 180-189. doi:10.1016/j.neuroimage.2017.10.028

Kelly, C., Toro, R., Di Martino, A., Cox, C. L., Bellec, P., Castellanos, F. X., & Milham, M. P. (2012). A
convergent functional architecture of the insula emerges across imaging modalities. Neuroimage, 61(4),
1129-1142. doi:10.1016/j.neuroimage.2012.03.021

Kim, D., Kay, K., Shulman, G. L., & Corbetta, M. (2018). A New Modular Brain Organization of the BOLD
Signal during Natural Vision. Cereb Cortex, 28(9), 3065-3081. doi:10.1093/cercor/bhx175

Kober, H., Barrett, L. F., Joseph, J., Bliss-Moreau, E., Lindquist, K., & Wager, T. D. (2008). Functional
grouping and cortical-subcortical interactions in emotion: a meta-analysis of neuroimaging studies.
Neuroimage, 42(2), 998-1031. doi:10.1016/j.neuroimage.2008.03.059

Korb, S., Malsert, J., Rochas, V., Rihs, T. A., Rieger, S. W., Schwab, S., . . . Grandjean, D. (2015). Gender
differences in the neural network of facial mimicry of smiles--An rTMS study. Cortex, 70, 101-114.
doi:10.1016/j.cortex.2015.06.025

Kragel, P. A., Reddan, M. C., LaBar, K. S., & Wager, T. D. (2019). Emotion schemas are embedded in the
human visual system. Science Advances, 5(7), eaaw4358. doi:10.1126/sciadv.aaw4358

Krause, M., Wendt, J., Dressel, A., Berneiser, J., Kessler, C., Hamm, A. O., & Lotze, M. (2009). Prefrontal
function associated with impaired emotion recognition in patients with multiple sclerosis. Behav Brain
Res, 205(1), 280-285. doi:10.1016/j.bbr.2009.08.009



Page 18/26

Laganiere, S., Boes, A. D., & Fox, M. D. (2016). Network localization of hemichorea-hemiballismus.
Neurology, 86(23), 2187-2195. doi:10.1212/WNL.0000000000002741

Lancaster, J. L., Tordesillas-Gutiérrez, D., Martinez, M., Salinas, F., Evans, A., Zilles, K., . . . Fox, P. T. (2007).
Bias between MNI and Talairach coordinates analyzed using the ICBM-152 brain template. Hum Brain
Mapp, 28(11), 1194-1205. doi:10.1002/hbm.20345

Lee, K. H., Farrow, T. F., Spence, S. A., & Woodruff, P. W. (2004). Social cognition, brain networks and
schizophrenia. Psychol Med, 34(3), 391-400. doi:10.1017/s0033291703001284

Lindquist, K. A., & Barrett, L. F. (2012). A functional architecture of the human brain: emerging insights
from the science of emotion. Trends Cogn Sci, 16(11), 533-540. doi:10.1016/j.tics.2012.09.005

Lindquist, K. A., Gendron, M., Barrett, L. F., & Dickerson, B. C. (2014). Emotion perception, but not affect
perception, is impaired with semantic memory loss. Emotion, 14(2), 375-387. doi:10.1037/a0035293

Lindquist, K. A., Wager, T. D., Kober, H., Bliss-Moreau, E., & Barrett, L. F. (2012). The brain basis of emotion:
a meta-analytic review. Behav Brain Sci, 35(3), 121-143. doi:10.1017/s0140525x11000446

Mattavelli, G., Cattaneo, Z., & Papagno, C. (2011). Transcranial magnetic stimulation of medial prefrontal
cortex modulates face expressions processing in a priming task. Neuropsychologia, 49(5), 992-998.
doi:10.1016/j.neuropsychologia.2011.01.038

Mesulam, M.-M. (2000). Principles of behavioral and cognitive neurology: Oxford University Press.

Murphy, K., Birn, R. M., Handwerker, D. A., Jones, T. B., & Bandettini, P. A. (2009). The impact of global
signal regression on resting state correlations: are anti-correlated networks introduced? Neuroimage,
44(3), 893-905. doi:10.1016/j.neuroimage.2008.09.036

Olson, I. R., Plotzker, A., & Ezzyat, Y. (2007). The Enigmatic temporal pole: a review of �ndings on social
and emotional processing. Brain, 130(Pt 7), 1718-1731. doi:10.1093/brain/awm052

Pessoa, L. (2014). Understanding brain networks and brain organization. Phys Life Rev, 11(3), 400-435.
doi:10.1016/j.plrev.2014.03.005

Pessoa, L. (2018). Understanding emotion with brain networks. Curr Opin Behav Sci, 19, 19-25.
doi:10.1016/j.cobeha.2017.09.005

Pitcher, D. (2014). Facial expression recognition takes longer in the posterior superior temporal sulcus
than in the occipital face area. J Neurosci, 34(27), 9173-9177. doi:10.1523/JNEUROSCI.5038-13.2014

Pitcher, D., Garrido, L., Walsh, V., & Duchaine, B. C. (2008). Transcranial magnetic stimulation disrupts the
perception and embodiment of facial expressions. J Neurosci, 28(36), 8929-8933.
doi:10.1523/jneurosci.1450-08.2008



Page 19/26

Ptak, R. (2012). The frontoparietal attention network of the human brain: action, saliency, and a priority
map of the environment. Neuroscientist, 18(5), 502-515. doi:10.1177/1073858411409051

Rochas, V., Gelmini, L., Krolak-Salmon, P., Poulet, E., Saoud, M., Brunelin, J., & Bediou, B. (2013). Disrupting
pre-SMA activity impairs facial happiness recognition: an event-related TMS study. Cereb Cortex, 23(7),
1517-1525. doi:10.1093/cercor/bhs133

Roy, M., Shohamy, D., & Wager, T. D. (2012). Ventromedial prefrontal-subcortical systems and the
generation of affective meaning. Trends Cogn Sci, 16(3), 147-156. doi:10.1016/j.tics.2012.01.005

Satpute, A. B., & Lindquist, K. A. (2019). The Default Mode Network's Role in Discrete Emotion. Trends
Cogn Sci, 23(10), 851-864. doi:10.1016/j.tics.2019.07.003

Saxe, R., & Powell, L. J. (2006). It's the thought that counts: speci�c brain regions for one component of
theory of mind. Psychol Sci, 17(8), 692-699. doi:10.1111/j.1467-9280.2006.01768.x

Sehatpour, P., Molholm, S., Schwartz, T. H., Mahoney, J. R., Mehta, A. D., Javitt, D. C., . . . Foxe, J. J. (2008).
A human intracranial study of long-range oscillatory coherence across a frontal-occipital-hippocampal
brain network during visual object processing. Proc Natl Acad Sci U S A, 105(11), 4399-4404.
doi:10.1073/pnas.0708418105

Sestieri, C., Corbetta, M., Romani, G. L., & Shulman, G. L. (2011). Episodic memory retrieval, parietal cortex,
and the default mode network: functional and topographic analyses. J Neurosci, 31(12), 4407-4420.
doi:10.1523/jneurosci.3335-10.2011

Siddiqi, S. H., Taylor, S. F., Cooke, D., Pascual-Leone, A., George, M. S., & Fox, M. D. (2020). Distinct
Symptom-Speci�c Treatment Targets for Circuit-Based Neuromodulation. Am J Psychiatry, 177(5), 435-
446. doi:10.1176/appi.ajp.2019.19090915

Simmons, J. P., Nelson, L. D., & Simonsohn, U. (2011). False-positive psychology: undisclosed �exibility in
data collection and analysis allows presenting anything as signi�cant. Psychol Sci, 22(11), 1359-1366.
doi:10.1177/0956797611417632

Sliwinska, M. W., Elson, R., & Pitcher, D. (2020). Dual-site TMS demonstrates causal functional
connectivity between the left and right posterior temporal sulci during facial expression recognition. Brain
Stimul, 13(4), 1008-1013. doi:10.1016/j.brs.2020.04.011

Sliwinska, M. W., & Pitcher, D. (2018). TMS demonstrates that both right and left superior temporal sulci
are important for facial expression recognition. Neuroimage, 183, 394-400.
doi:10.1016/j.neuroimage.2018.08.025

Smith, S. M., Beckmann, C. F., Andersson, J., Auerbach, E. J., Bijsterbosch, J., Douaud, G., . . . Glasser, M. F.
(2013). Resting-state fMRI in the Human Connectome Project. Neuroimage, 80, 144-168.
doi:10.1016/j.neuroimage.2013.05.039



Page 20/26

Smith, S. M., Fox, P. T., Miller, K. L., Glahn, D. C., Fox, P. M., Mackay, C. E., . . . Beckmann, C. F. (2009).
Correspondence of the brain's functional architecture during activation and rest. Proc Natl Acad Sci U S A,
106(31), 13040-13045. doi:10.1073/pnas.0905267106

Smith, V. A., Yu, J., Smulders, T. V., Hartemink, A. J., & Jarvis, E. D. (2006). Computational inference of
neural information �ow networks. PLoS Comput Biol, 2(11), e161. doi:10.1371/journal.pcbi.0020161

Sperber, C., & Dadashi, A. (2020). The in�uence of sample size and arbitrary statistical thresholds in
lesion-network mapping. Brain. doi:10.1093/brain/awaa094

Tavor, I., Parker Jones, O., Mars, R. B., Smith, S. M., Behrens, T. E., & Jbabdi, S. (2016). Task-free MRI
predicts individual differences in brain activity during task performance. Science, 352(6282), 216-220.
doi:10.1126/science.aad8127

Tetreault, A. M., Phan, T., Orlando, D., Lyu, I., Kang, H., Landman, B., . . . Alzheimer's Disease Neuroimaging,
I. (2020). Network localization of clinical, cognitive, and neuropsychiatric symptoms in Alzheimer's
disease. Brain, 143(4), 1249-1260. doi:10.1093/brain/awaa058

Touroutoglou, A., Lindquist, K. A., Dickerson, B. C., & Barrett, L. F. (2015). Intrinsic connectivity in the
human brain does not reveal networks for 'basic' emotions. Soc Cogn Affect Neurosci, 10(9), 1257-1265.
doi:10.1093/scan/nsv013

Tsuchida, A., & Fellows, L. K. (2012). Are you upset? Distinct roles for orbitofrontal and lateral prefrontal
cortex in detecting and distinguishing facial expressions of emotion. Cereb Cortex, 22(12), 2904-2912.
doi:10.1093/cercor/bhr370

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N., . . . Joliot, M.
(2002). Automated anatomical labeling of activations in SPM using a macroscopic anatomical
parcellation of the MNI MRI single-subject brain. Neuroimage, 15(1), 273-289.
doi:10.1006/nimg.2001.0978

Van Essen, D. C., Smith, S. M., Barch, D. M., Behrens, T. E., Yacoub, E., & Ugurbil, K. (2013). The WU-Minn
Human Connectome Project: an overview. Neuroimage, 80, 62-79. doi:10.1016/j.neuroimage.2013.05.041

Vincent, J. L., Snyder, A. Z., Fox, M. D., Shannon, B. J., Andrews, J. R., Raichle, M. E., & Buckner, R. L.
(2006). Coherent spontaneous activity identi�es a hippocampal-parietal memory network. J
Neurophysiol, 96(6), 3517-3531. doi:10.1152/jn.00048.2006

Vuilleumier, P., Richardson, M. P., Armony, J. L., Driver, J., & Dolan, R. J. (2004). Distant in�uences of
amygdala lesion on visual cortical activation during emotional face processing. Nat Neurosci, 7(11),
1271-1278. doi:10.1038/nn1341

Vytal, K., & Hamann, S. (2010). Neuroimaging support for discrete neural correlates of basic emotions: a
voxel-based meta-analysis. J Cogn Neurosci, 22(12), 2864-2885. doi:10.1162/jocn.2009.21366



Page 21/26

Wang, J., Wang, X., Xia, M., Liao, X., Evans, A., & He, Y. (2015). GRETNA: a graph theoretical network
analysis toolbox for imaging connectomics. Front Hum Neurosci, 9, 386. doi:10.3389/fnhum.2015.00386

Weil, R. S., Hsu, J. K., Darby, R. R., Soussand, L., & Fox, M. D. (2019). Neuroimaging in Parkinson's disease
dementia: connecting the dots. Brain Commun, 1(1), fcz006. doi:10.1093/braincomms/fcz006

Willis, M. L., Palermo, R., McGrillen, K., & Miller, L. (2014). The nature of facial expression recognition
de�cits following orbitofrontal cortex damage. Neuropsychology, 28(4), 613-623.
doi:10.1037/neu0000059

Wolf, R. C., Philippi, C. L., Motzkin, J. C., Baskaya, M. K., & Koenigs, M. (2014). Ventromedial prefrontal
cortex mediates visual attention during facial emotion recognition. Brain, 137(Pt 6), 1772-1780.
doi:10.1093/brain/awu063

Xie, S., Yang, J., Zhang, Z., Zhao, C., Bi, Y., Zhao, Q., . . . Gong, G. (2017). The Effects of the X Chromosome
on Intrinsic Functional Connectivity in the Human Brain: Evidence from Turner Syndrome Patients. Cereb
Cortex, 27(1), 474-484. doi:10.1093/cercor/bhv240

Xu, P., Opmeer, E. M., van Tol, M. J., Goerlich, K. S., & Aleman, A. (2018). Structure of the alexithymic brain:
A parametric coordinate-based meta-analysis. Neurosci Biobehav Rev, 87, 50-55.
doi:10.1016/j.neubiorev.2018.01.004

Yarkoni, T., Poldrack, R. A., Nichols, T. E., Van Essen, D. C., & Wager, T. D. (2011). Large-scale automated
synthesis of human functional neuroimaging data. Nat Methods, 8(8), 665-670. doi:10.1038/nmeth.1635

Yeo, B. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashkari, D., Hollinshead, M., . . . Buckner, R. L.
(2011). The organization of the human cerebral cortex estimated by intrinsic functional connectivity. J
Neurophysiol, 106(3), 1125-1165. doi:10.1152/jn.00338.2011

Figures



Page 22/26

Figure 1

Activation network mapping technique. (a) Four-millimeter spheres centered on peak coordinates reported
in each experiment were created and combined to obtain modeled activation maps. (b) Experiment-level
functional connectivity t maps were computed using a large normative human connectome and then
thresholded at voxel-level familywise error (FWE)-corrected P < 0.05. (c) The above functional connectivity
t maps were binarized and overlapped and then thresholded at 60% to identify regions functionally
connected to more than 60% of the experiments. (d) Experimental-level mean functional connectivity z
maps were computed for each experiment using the same large normative human connectome. (e) The
above functional connectivity z maps were combined using a one-sample t-test to obtain an activation
network t map and then were thresholded to identify brain regions signi�cantly connected to facial
emotion processing experiments.
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Figure 2

Network localization partly explains the poor reproducibility of functional neuroimaging studies of facial
emotion processing. (a) ALE meta-analysis of each basic emotion. Though with a large sample size, the
signi�cantly activated regions were scarce for several emotions. Furthermore, all these signi�cantly
activated regions were driven by a small number of experiments (10-37%). (b) In contrast, ANM based on
these same studies showed high reproducibility with a large proportion of experiments connected to the
same set of brain regions. (c) Activation network t maps created using the alternative “one-sample t-test”
approach are similar to activation network overlap maps. There were no signi�cant clusters in sadness.
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Figure 3

Network localization of emotion-general processing and its distribution in brain network modules. (a)
Activation network overlap map shows regions functionally connected to more than 60% of the facial
emotion processing experiments. (b) Activation network t map shows regions functionally connected to
brain activations of facial emotion processing and its distribution in 7 basic functional network modules
identi�ed by Yeo et al. (2011). (c) Nonparametric voxelwise t-test mapping results showing regions in
which brain activations of facial emotion processing were signi�cantly more connected than connectivity
of brain activations during non-emotional cognitive processing and its distribution in 7 basic functional
network modules.
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Figure 4

The network derived from brain activations during facial emotion processing aligns well with TMS
stimulations disrupting facial emotion processing. (a) Seven representative spheres (of 13 in total)
centered on stimulation sites that disrupted facial emotion processing. Eleven of 13 spheres overlapped
with a network derived from brain activations during facial emotion processing (this network is the same
as that in Figure 3a). (b) Network derived from these stimulation sites using the ANM technique. The
network aligns very well with the network derived from brain activations. (c) Stimulation sites that
disrupted facial emotion processing were signi�cantly more connected to activations of facial emotion
processing than with activations of non-emotional cognitive processing (left; p < 0.001). This connectivity
was also speci�c to stimulation sites compared with vertex control sites (right; p < 0.001). Error bars
represent standard error of the mean.
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Figure 5

Relevance to structural abnormalities in alexithymia. Three of the 4 spheres centered on peak coordinates
of structural abnormality in patients with alexithymia, a subclinical de�ciency in the ability to identify and
express emotions (green; only 2 representative spheres are shown), overlap with our localized network.
Regions activated during facial emotion processing are functionally connected to brain regions in which
gray matter volume is associated with alexithymia. These connectivities are speci�c to regions activated
during facial emotion processing compared with regions activated during non-emotional cognitive
processing. Error bars represent standard error of the mean.

Figure 6

Relevance to lesions that disrupt facial emotion processing. Lesions in the amygdala, insula, and vmPFC
have reliably been demonstrated to disrupt a person’s ability to recognize emotional facial expressions.
All three ROIs (green) overlapped our localized network. ROI-based sensitivity and speci�city analysis also
showed that regions activated during facial emotion processing were functionally connected to the
amygdala (a), ventral media prefrontal cortex (b), and insula (c). For the amygdala and vmPFC, these
connectivities were speci�c to regions activated during facial emotion processing compared with regions
activated during non-emotional cognitive processing. Error bars represent standard error of the mean.
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