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Abstract
The ability to experience, use and eventually control anger is crucial to maintain well-being and build healthy relationships. Despite its relevance, the neural mechanisms behind individual differences in experiencing and controlling
anger are poorly understood. To elucidate these points, we employed an
unsupervised machine learning approach based on independent component
analysis to test the hypothesis that specific functional and structural networks
are associated with individual differences in trait anger and anger control.
Structural and functional resting state images of 71 subjects as well as their
scores from the State–Trait Anger Expression Inventory entered the analyses.
At a structural level, the concentration of grey matter in a network including
ventromedial temporal areas, posterior cingulate, fusiform gyrus and cerebellum was associated with trait anger. The higher the concentration, the higher
the proneness to experience anger in daily life due to the greater tendency to
orient attention towards aversive events and interpret them with higher hostility. At a functional level, the activity of the default mode network (DMN) was
associated with anger control. The higher the DMN temporal frequency, the
stronger the exerted control over anger, thus extending previous evidence on
the role of the DMN in regulating cognitive and emotional functions in the
domain of anger. Taken together, these results show, for the first time, two
specialized brain networks for encoding individual differences in trait anger
and anger control.

Abbreviations: ADHD, attention deficit hyperactivity disorder; BOLD, blood-oxygen-level-dependent; CAT12, computational anatomy toolbox; CN,
cerebellar network; DAN, dorsal attention network; DMN, default mode network; FC, functional connectivity; fMRI, functional magnetic resonance
imaging; FPN, fronto-parietal network; IC(s), independent component(s); ICA, independent component analysis; LN, language network; MDL,
minimum description length; MNI, Montreal Neurological Institute; mPFC, medial prefrontal cortex; MRI, magnetic resonance imaging; ROI, region
of interest; SBM, source-based morphometry; SCID-I, Structured Clinical Interview for DSM-IV; SMN, sensorimotor network; SN, salience network;
SPM12, statistical parametric mapping; STAXI, State–Trait Anger Expression Inventory; TIV, total intracranial volume; VBM, voxel-based
morphometry; VN, visual network.
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1 | INTRODUCTION
Anger has been defined as an intense emotional state
involving a strong uncomfortable and hostile response
to a perceived provocation, hurt or threat (Sorella
et al., 2021; Videbeck, 2006). Anger has a survival value,
given its fundamental role in alerting us and in fight-orflight reactions. It also helps us to pose limits to unfair
behaviours of others and to show assertiveness (Grecucci,
Giorgetta, Bonini, & Sanfey, 2013; Grecucci, Giorgetta,
van Wout, et al., 2013; Sorella et al., 2021). When this
transitory emotional state (e.g. state anger) is experienced
with a certain frequency and intensity, it becomes trait
anger: a long-lasting individual difference in frequency
and duration of anger episodes (Spielberger, 1988, p. 1).
Although anger leads to instrumental actions, it can
become detrimental if excessively experienced or poorly
controlled. Indeed, high levels of trait anger can lead not
only to psychological and interpersonal consequences
(Baron et al., 2006) but also to physiological drawbacks
such as higher incidence of cardiovascular diseases
(Smith et al., 2004), tobacco use (Spielberger et al., 1995)
and excessive alcohol intake (Litt et al., 2000).
Besides some recent attempts to study specific aspects
of anger, such as anger experience and anger perception
(Sorella et al., 2021), there is poor evidence on the neural
bases of individual differences in trait anger. The vast
majority of studies focused on specific sub-aspects of trait
anger instead of looking at the complete picture. For
example, the tendency to generate hostile attributions,
one main feature of trait anger according to the integrative cognitive model (Wilkowski & Robinson, 2008), has
been associated with different brain areas such as the
temporo-parietal junction (Carlson et al., 2012; Giardina
et al., 2011; Quan et al., 2019) and medial brain areas
linked to emotional conceptualization (Lindquist
et al., 2012). Also, the posterior cingulate cortex has been
associated with the feeling of certainty (Luttrell
et al., 2016), which is known to characterize trait anger
(Lerner & Keltner, 2000).
Another line of evidence comes from studies on attentional biases. Increased tendency to attend aversive
events characterizes trait anger (Wilkowski &
Robinson, 2008). Indeed, its scores have been associated
with both attentional biases while inspecting angry facial
expressions (Honk et al., 2001; Veenstra et al., 2016) and
bilateral dorsal amygdala activity (Carré et al., 2010). In

fact, amygdala lesions impair the automatic allocation of
attention to aversive stimuli (Anderson & Phelps, 2001)
and socially relevant stimuli (Kennedy & Adolphs, 2010;
Piretti et al., 2020).
Besides individual differences in trait anger, another
important aspect not yet studied in the neuroimaging literature concerns anger control. Controlling anger may be
vital in certain interpersonal situations, and lack of anger
control is usually punished by society and law. The integrative cognitive model considers anger control as an
effortful capacity to control anger expression by calming
down and monitoring its outcomes (Wilkowski &
Robinson, 2010). This is exerted by frontal brain regions.
These regions have been hypothesized to control anger
through their role in top-down modulation of subcortical
brain regions. In particular, an effort to control anger
after an insult (recreated in experimental settings with
anger provocation paradigms) increases the connectivity
between the amygdala and prefrontal cortices, which are
responsible for top-down control (Denson et al., 2013).
Accordingly, another study (Fulwiler et al., 2012) showed
a positive correlation between anger control and the
functional connectivity (FC) of the amygdala with the
contralateral orbitofrontal cortex.
Moreover, a poor anger control has been associated
with a greater tendency to react with angry expression and
aggressive behaviours towards hostile stimuli (Bettencourt
et al., 2006; Dodge & Coie, 1987; Mattevi et al., 2019).
Further, aggressive outbreaks and maladaptive interpersonal behaviours are particularly common in different
disorders such as borderline personality disorder (Dadomo
et al., 2016, 2018; de Panfilis et al., 2019; Kernberg, 2012),
antisocial personality disorder (Kolla et al., 2016) and the
intermittent explosive disorder (Coccaro et al., 2014). On
the other hand, excessive inhibition (excessive control) of
anger characterizes, among others, anxiety disorders
(Grecucci et al., 2020; Grecucci, Giorgetta, Brambilla,
et al., 2013) and dependent personality disorder
(Kernberg, 2012). From a neural point of view, it has been
reported that resting state activity of violent offenders after
anger provocation showed increased amygdala–paralimbic
connectivity and decreased amygdala–medial prefrontal
cortex (mPFC) connectivity (Siep et al., 2018), suggesting
that a lack of mPFC regulation can lead to reactive
aggression and anger expression. Authors concluded that
this area may be particularly involved in anger control
(Gilam et al., 2015, 2018; Jacob et al., 2018).
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However, one limitation of the previously cited
studies is that they measured anger by using anger provocation paradigms or the perception of angry facial expressions (Sorella et al., 2021), but there is poor evidence on
how individual differences mediate trait anger and anger
control. Moreover, previous paradigms usually focused
only on one specific aspect of anger. For example,
because high trait anger individuals are characterized by
the perception of high levels of hostility in environmental
cues, scholars have started to investigate the relationship
between the perception of angry faces and aggressive
tendencies (Beyer et al., 2015; Buades-Rotger et al., 2016).
However, trait anger also refers to other features, such as
the frequency in which anger is elicited in life or a selfcentred point of view characterized by high certainty.
Therefore, we decided to investigate the individual differences of anger, taking into account more comprehensive
measures of anger.
In addition, previous studies relied on a priori defined
brain regions (e.g. region of interest [ROI] studies) and
massive univariate approaches, thus ignoring the possibility that different regions together may play a role in
anger. Furthermore, previous studies have focused on
functional magnetic resonance imaging (fMRI),
neglecting possible structural markers of anger.
To overcome all these limitations, we decided to apply
an unsupervised machine learning approach based on
the independent component analysis (ICA) to structural
and functional data (Lapomarda, Grecucci, et al., 2021;
Lapomarda, Pappaianni, et al., 2021; Pappaianni
et al., 2019; Saviola et al., 2020). In particular, the
unsupervised machine learning (Vu et al., 2018) ICA
(Brown et al., 2001), part of the so-called blind source
separation methods (Müller et al., 2004), was applied to
both structural and functional (resting state) images of
71 healthy individuals. The goal was to understand
whether specific structural features (i.e. grey matter concentration) and patterns of connectivity (i.e. the temporal
variability and frequency of functional networks) were
associated with individual differences in trait anger,
anger control, anger-out and anger-in.
Specifically, these anger facets were measured with
the State–Trait Anger Expression Inventory (STAXI;
Spielberger, 1988), a self-report measure. Trait anger
refers to the frequency and duration of anger episodes,
whereas anger control refers to the ability to control and
regulate this emotion. Finally, anger-out represents the
tendency to externalize anger, and anger-in the tendency
to internalize it (redirect it towards the self).
Because trait anger is considered a stable individual
tendency, we expect to find evidence at a structural level,
that is, grey matter concentration changes. In particular,
given that trait anger is characterized by the perception
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of environmental cues as hostile, we expect to find grey
matter changes in a network involving perceptual brain
regions linked to emotional processing, such as paralimbic and temporal areas. However, we expect that trait
anger can influence not only the perception but also the
conceptualization of life events, thus involving the posterior cingulate cortex and temporal areas that are also
associated with certainty (Luttrell et al., 2016) that characterizes anger (Lerner & Keltner, 2000).
On the other hand, we expect that anger control,
anger-out and anger-in would be more related to functional activity, being transient brain states. On the basis
of a recent review on anger (Alia-Klein et al., 2020), we
expect that anger-out could be positively related to the
habit network and negatively related to the selfregulation network, also known as the dorso-parietal network. On the other hand, anger-in and anger control
could be related to the self-regulation network or to the
default mode network (DMN). Indeed, different
researchers have shown that DMN has a net role in regulating cognitive and emotional functions (Pan et al., 2018;
Sripada et al., 2014), but there is a lack of evidence that
this extends to anger. Prior studies have shown that the
DMN could suppress limbic and paralimbic areas responsible for emotional processes and reactivity (Buckner
et al., 2008; Harris & Friston, 2010). Moreover, alterations
of the DMN have also been associated with anger expression in individuals with attention deficit hyperactivity
disorder (ADHD) (Hasler et al., 2017) and to criminal
psychopathic tendencies (Pujol et al., 2012). This evidence suggests that this network could be particularly
involved in the regulation of violent acts. Furthermore,
the DMN could be associated not only with anger control
but also with anger-out or anger-in scores, in particular
when considering the modulation of the DMN exerted on
other brain networks (see, e.g. Weathersby et al., 2019).
To note, the majority of previous connectivity studies
usually took into account the strength of connections
between different brain regions and networks. However,
although connectivity features were previously
considered as static (such as the frequency, amplitude
and phase), recent evidence proposed and started to show
that connectivity patterns change over time (Calhoun
et al., 2014; Chang & Glover, 2010). Therefore, we
decided to take into consideration two available measures
linked to the temporal dynamics of the ICA based
networks: the temporal variability and frequency.
Although few studies considered these measures, there is
increasing evidence linking these features with different
variables such as age, gender (Allen et al., 2011), cognitive states (Garrett et al., 2013), empathy and awareness
(Stoica & Depue, 2020). Furthermore, some studies also
showed alterations of temporal features of some networks
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in clinical population, such as higher frequency fluctuations in the DMN of schizophrenia patients (Garrity
et al., 2007). Exploring these features of the brain circuits
involved in individual anger-related differences may shed
new light on the neurocognitive mechanisms underlying
angry outbursts and anger regulation and possibly pave
the way to new forms of neuroscientific evidence-based
psychological treatments for individual who suffer from
anger dyscontrol at a clinical and subclinical level
(Frederickson et al., 2018; Grecucci et al., 2017, 2020).

2 | MATERIALS AND METHODS
2.1 | Participants
For this study, we took advantage of data from the Max
Planck Institute sample (MPI-S) dataset (OpenNeuro
database, accession number ds000221), which contains
behavioural, physiological and neuroimaging data from
healthy subjects (Babayan et al., 2018). Absence of
psychiatric conditions was controlled with the SCID-I
(Wittchen et al., 1995). For the purpose of this study, we
selected participants according to age (20–40), availability
of structural T1-weighted images and 15-min eyes-open
resting state data and availability of specific questionnaires’ scales. In this study, we focused on the 44-item
STAXI (Spielberger, 1988), selecting self-report measures
to assess trait anger, anger control, anger-out and
anger-in. The final sample included 71 subjects (M = 42,
F = 29) ranging from 20 to 40 years, mean age
26.02  3.53 (age was specified in a 5-year bin, where the
middle value was used for calculations). See Table 1 for
more details.

2.2 | Data acquisition
Neuroimaging data were acquired on a 3T Siemens
Magnetom Verio Scanner. For our analyses, we considered T1-weighted images, acquired using a MP2RAGE
sequence (TR = 5000 ms, TE = 2.92 ms, TI1 = 700 ms,
TI2 = 2500 ms, flip angle 1 = 4 , flip angle 2 = 5 , voxel
size = 1.0 mm isotropic, duration = 8.22 min), and the
TABLE 1

15-min resting state data (voxel size = 2.3 mm isotropic,
FOV = 202  202 mm2,
imaging
matrix = 88  88,
64 slices with 2.3 mm thickness, TR = 1,400 ms,
TE = 39.4 ms, flip angle = 69 , echo spacing = 0.67 ms,
bandwidth = 1776 Hz/Px, partial Fourier 7/8, no prescan normalization, multiband acceleration factor = 4,
657 volumes, duration = 15 min 30 s).

2.3 | Structural analyses
Structural images were analysed by using an
unsupervised machine learning approach based on the
ICA. ICA applied to structural images is also known as
source-based morphometry (SBM) (Grecucci et al., 2016;
Gupta et al., 2019; Pappaianni et al., 2017, 2019; Sorella
et al., 2019; Xu, Groth, et al., 2009; Xu, Pearlson, &
Calhoun, 2009). This is a data-driven multivariate alternative to voxel-based morphometry (VBM), used to identify ‘source networks’ or groups of spatially distinct
regions in the brain with common covariation among
participants (Xu, Groth, et al., 2009). The main difference
between VBM and SBM is the application of ICA to identify patterns of covariation of grey matter in different
independent areas, detecting and decomposing the mixed
signals coming from whole brain structural images. In
this way, SBM identifies brain networks, taking into
account the interrelationship among different voxels,
rather than a voxel-by-voxel comparison (as in VBM).
The multivariate nature of this approach makes it more
efficient than other structural analyses because it reduces
the noise while acting as a spatial filter (Grecucci
et al., 2016; Pappaianni et al., 2017, 2019; Sorella
et al., 2019). Before applying ICA, images were
preprocessed with SPM12 (http://www.fil.ion.ucl.ac.uk/
spm/software) using the toolbox CAT12 (http://www.
neuro.uni-jena.de/cat/) for image segmentation.
A visual check of data quality was performed in order
to identify any distortion, such as head motion or stripes.
Then, images were reoriented according to the origin and
segmented in grey matter, white matter and cerebrospinal fluid through CAT12. For the purposes of the study,
we only took into account the grey matter images. The
registration was computed through Diffeomorphic

Participants
N

Age

Trait anger

Anger-in

Anger-out

Anger control

Participants

71

26.02  3.53

18.38  3.93

15.87  4.32

12.03  3.1

22.38  3.82

Males

42

26.43  3.41

17.95  4.02

16.21  3.78

11.52  2.82

23.21  3.52

Females

29

25.43  3.66

19  3.76

15.38  5.04

12.76  3.38

21.17  3.97

0.244

0.272

0.428

0.099

0.026

Difference M versus F (p-value)
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Anatomical Registration using Exponential Lie algebra
(DARTEL; https://github.com/scanUCLA/spm12-dartel)
tools for SPM12, rather than using traditional
approaches. The last step of the preprocessing included
the normalization to MNI space with spatial smoothing
(full width at half maximum of Gaussian smoothing kernel [8, 8, 8]).
After the preprocessing steps, ICA was applied to the
data, allowing us to identify independent grey matter
sources in the brain. ICA was applied to structural images
through the sMRI modality of the Group ICA fMRI Toolbox (GIFT, http://mialab.mrn.org/software/gift).
The Infomax algorithm was used to maximize the recognition of IC from images’ signal information (Bell &
Sejnowski, 1995; Lee et al., 1999), whereas the ICASSO
toolbox (http://research.ics.aalto.fi/ica/icasso/) was used
to investigate the reliability of the ICA algorithm
(RandInit mode, with 100 repetitions).
Finally, the ICA converted grey matter volumes of
each component into numerical vectors; it returned an
n  m matrix (n subjects in rows and m component in
columns), which represents how a specific component is
expressed in each participant (Grecucci et al., 2016;
Pappaianni et al., 2017, 2019; Sorella et al., 2019). After
obtaining the components, we performed statistical analyses to determine which networks are linked to anger.
In particular, we performed the Pearson correlation
between each component and the scores of the STAXI.
Significant results were then corrected relying on partial
correlation, considering gender, age, total intracranial
volume (TIV) and a social desirability scale (Crowne &
Marlowe, 1960). In addition, the same method was used
to partial out the scores on the other subscales when finding a significant result with a particular scale.
Mango (http://ric.uthscsa.edu/mango/), Surf Ice
(https://github.com/neurolabusc/surf-ice) and Matlab
(https://it.mathworks.com/products/matlab.html) were
used to visualize data.

2.4 | Functional analyses
Similar to structural analyses, the same unsupervised
machine learning approach based on the ICA was then
applied to functional images. The usage of ICA also in
resting state analyses shows many advantages. Besides its
abilities to detect and remove noise, ICA maximizes the
statistical independence in order to extract different networks with high consistency (Rajamanickam, 2020).
Indeed, the main reason why we relied on this approach
is to extract resting state networks without overlaying a
predefined mask, but relying on the individual features of
the participants included in the analysis. Thus, one of the

5

main advantages that led us to rely on ICA-based resting
state analyses is to identify naturally grouping functional
connections patterns of brain regions not restricted to
predefined boundaries of network nodes (Kornelsen
et al., 2020; Motoyama et al., 2019). This is especially
important when considering that resting state networks
are susceptible to individual differences.
The preprocessing steps were performed through the
default processing pipeline of CONN software (https://
web.conn-toolbox.org) for volume-based analysis of resting states data. It includes the following steps: functional
realignment and unwarping, translation and centring,
functional outlier detection (conservative settings), functional direct segmentation and normalization (2 mm resolution), structural translation and centring, structural
segmentation and normalization (2 mm resolution) and
functional and structural smoothing (spatial convolution
with Gaussian kernel 8 mm). Then, CONN includes a
component-based noise correction method (CompCor) for
the physiological and other noise source reduction. This
step applies linear regression and bandpass filtering in
order to remove unwanted motion, physiological and
other artefactual effects from the BOLD signal before computing connectivity measures. Data were checked through
quality assurance plots. ICA was then applied, given that
we did not want to restrict our analyses to a priori seeds/
ROIs and rather investigate possible connectivity differences related to trait anger across the entire brain. Therefore, we selected voxel-to-voxel analysis, specifically the
group-ICA one. Through the ICA, we identified 20 networks (default settings) of highly functionally-connected
areas. This analysis is based on Calhoun’s group-level ICA
approach (Calhoun et al., 2001) and includes the following
steps: variance normalization preconditioning, subject
concatenation of BOLD signal data along temporal dimension, group-level dimensionality reduction, fastICA for
estimation of independent spatial components and GICA1
back projection for individual subject-level spatial map
estimation (Nieto-Castanon, 2020; Whitfield-Gabrieli &
Nieto-Castanon, 2012).
Among the 20 networks, we used the CONN’s
preselected eight networks correspondent to well-known
resting state networks in literature (Soman et al., 2020)
through the spatial match to template function. Through
ICA.Temporal.Components, we considered the temporal
variability, defined as a fluctuation of neural activity over
time, and the temporal frequency, defined as distribution
of neural activity fluctuations over various frequencies, of
the BOLD signal time series associated with each network. Finally, we checked whether the temporal variability and the temporal frequency of the identified networks
were related to STAXI anger scores of the 71 subjects
through correlation coefficients. Significant results were
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then corrected relying on partial correlations, considering
gender, age, TIV and a social desirability scale
(Crowne & Marlowe, 1960). In addition, the same
method was used to partial out the scores on the other
subscales when finding a significant result with a particular scale.

3 | R E SUL T S
3.1 | Structural results
ICA applied to structural images automatically identified
eight independent components (ICs) on the basis of grey
matter changes through the subsampling scheme proposed by Li et al. (2007). This method is used to obtain a
set of effectively independent and identically distributed
samples on which the minimum description length
(MDL) information-theoretic criteria are then applied.
See Figures 1 and 2. The consistency and reliability of the
results were quantified with a quality index (Iq) ranging
from 0 to 1, which reflects the difference between
intracluster and extracluster similarity of the identified
networks (Canessa et al., 2013; Himberg et al., 2004). All
of them showed an Iq > 0.9, which indicates a highly stable ICA decomposition (Allen et al., 2011). ICs were then
correlated with trait anger, anger control, anger-out and
anger-in scores.

3.1.1

p = 0.0263). Results remained significant after correcting for the number of components (n = 8,
Bonferroni corrected p-critic = 0.006). The IC 3 included
portions of the fusiform gyrus, different parts of the cerebellum, the temporal pole, the lingual gyrus, the visual
association area, the posterior cingulate cortex and the
inferior parietal lobule. See Table 2 and Figure 3. The
other seven components were not significantly correlated with trait anger (r = 0.007, p = 0.954;
r = 0.178, p = 0.137; r = 0.040; p = 0.740;
r = 0.070, p = 0.563; r = 0.079, p = 0.511; r = 0.147,
p = 0.220; r = 0.112, p = 0.352).

3.1.2 |

Anger control

The analysis showed no significant correlations with any
of the eight components (r = 0.103, p = 0.394;
r = 0.126, p = 0.295; r = 0.092, p = 0.445; r = 0.021,
p = 0.862; r = 0.020, p = 0.867; r = 0.206, p = 0.085;
r = 0.072, p = 0.550; r = 0.035, p = 0.772).

3.1.3 |

Anger-out

The analysis showed no significant correlations with any
of the eight components (r = 0.006, p = 0.961;
r = 0.048, p = 0.691; r = 0.212, p = 0.076; r = 0.053,
p = 0.660; r = 0.078, p = 0.518; r = 0.080, p = 0.507;
r = 0.013, p = 0.912; r = 0.073, p = 0.546).

| Trait anger

The analysis showed a positive significant correlation
between Independent Component 3 (IC 3, Iq = 0.97)
and trait anger (r = 0.34, p = 0.004), even after correcting for gender (r = 0.327, p = 0.0058), age
(r = 0.339, p = 0.0041), TIV (r = 0.338, p = 0.0042),
social desirability (r = 0.376, p = 0.0013) and the other
three anger’s subscales of the STAXI (r = 0.2694;

3.1.4 |

Anger-in

The analysis showed no significant correlations with any
of the eight components (r = 0.107, p = 0.373;
r = 0.023, p = 0.851; r = 0.072, p = 0.554; r = 0.118,
p = 0.326; r = 0.010, p = 0.933; r = 0.086, p = 0.474;
r = 0.121, p = 0.314; r = 0.016, p = 0.897).

F I G U R E 1 Heatmap of the structural
results. Heatmap plot of the four analyses
showing the correlations between the four
anger scales (trait anger, anger-in, anger-out
and anger control) with the structural
networks
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F I G U R E 2 Structural and
functional independent
networks. A machine learning
method known as independent
component analysis was applied
to both structural and functional
neuroimaging data. The eight
structural ICs are displayed on
the left (first column in hot
colours); the eight functional ICs
are displayed on the right
(second column in cold colours).
The functional networks
included the cerebellar network
(CN), the salience network (SN),
the language network (LN), the
default mode network (DMN),
the visual network (VN), the
fronto-parietal network (FPN),
the dorsal attention network
(DAN) and the sensorimotor
network (SMN)

3.2 | Functional results
The resting state ICA identified 20 functional networks.
Among them, the temporal variability and frequency of
the eight standard resting state networks have been
regressed with anger control scores. These networks are

the following: the cerebellar network (ICA1), the salience
network (ICA3), the language network (ICA12), DMN
(ICA14), the visual network (ICA15), the fronto-parietal
network (ICA17), the dorsal attention network (ICA18)
and the sensorimotor network (ICA19). See Figures 2
and 4.
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TABLE 2

Morphometric results associated with trait anger

ICA network 3

Volume (cc)

Random effects: max value
(x, y, z)

Brodmann

Label (nearest grey matter
within 5 mm)

4.8/6.7

5.6 ( 33,

55,

16)/6.3 (36,

56,

16)

19,20,37

Fusiform gyrus

2.4/5.9

5.3 ( 30,

52,

16)/6.2 (34,

0.8/3.0

4.7 ( 36,

55,

14)/6.0 (39,

52,

16)

19,20,37

Fusiform gyrus

53,

16)

19,20,37

Fusiform gyrus

0.3/1.0

4.1 ( 43,

68,

23)/5.1 (48,

52,

25)

No Brodmann area

Cerebellum-tuber

0.1/0.2

4.4 ( 39,

55,

16)/5.8 (34,

66,

13)

19,20,37

Fusiform gyrus

0.1/0.0

4.0 ( 22,

56, 8)/

23

Posterior cingulate cortex

0.1/0.0

3.9 ( 37,

70,

23)/

No Brodmann area

Cerebellum-uvula

0.0/2.7

/5.7 (43,

50,

38)

No Brodmann area

Cerebellar tonsil

0.0/0.9

/4.7 (36,

69,

39)

No Brodmann area

Cerebellum-inferior semi-lunar
lobule

18

Lingual gyrus

38

Parahippocampal gyrus

No Brodmann area

Cerebellum-pyramis

7)

18

Visual association area

0.0/0.8

/5.0 (4,

0.0/0.3

/5.0 (21, 3,

84,

10)

0.0/0.2

/4.0 (36,

0.0/0.1

/4.4 (1,

0.0/0.1

/3.8 (53,

16, 27)

40

Inferior parietal lobule

0.0/0.1

/3.7 (36,

39, 39)

40

Inferior parietal lobule

0.0/0.1

/3.6 (46, 10,

38

Temporal pole

37)
75,

83,

34)

26)

Note: ICA 3 significantly correlates with trait anger.

3.2.1

| Trait anger

The analysis showed no significant correlations with trait
anger when considering the variability (ICA1: r = 0.25,
p = 0.033; ICA3: r < 0.01, p = 0.730; ICA12: r < 0.01,
p = 0.970; ICA14: r = 0.1, p = 0.544; ICA15: r < 0.01,
p = 0.811; ICA17: r = 0.1, p = 0.359; ICA18: r = 0.25,
p = 0.039; ICA19: r = 0.141, p = 0.242) or the frequency (ICA1: r = 0.25, p = 0.042; ICA3: r < 0.01,
p = 0.719; ICA12: r < 0.01, p = 0.693; ICA14: r = 0.283,
p = 0.021; ICA15: r < 0.01, p = 0.973; ICA17: r < 0.01,
p = 0.982; ICA18: r = 0.1, p = 0.433; ICA19: r < 0.01,
p = 0.723) of each network, after correcting for the number of components (n = 8 considering both the variability
and the frequency of each; Bonferroni corrected p
critic = 0.003).

STAXI (r = 0.3075, p = 0.0108). Results remained significant after correcting for the number of components
(n = 8, considering both the variability and the frequency
of each; Bonferroni corrected p critic = 0.003). See
Table 3 and Figure 3. None of the other networks showed
significant correlation with anger control when considering the variability (ICA1: r < 0.01, p = 0.95; ICA3:
r = 0.10, p = 0.48; ICA12: r = 0.17, p = 0.19; ICA14:
r = 0.14, p = 0.27; ICA15: r < 0.01, p = 0.61; ICA17:
r = 0.22, p = 0.07; ICA18: r < 0.01, p = 0.64; ICA19:
r = 0.20, p = 0.11) or the frequency (ICA1: r < 0.01,
p = 0.80; ICA3: r < 0.01, p = 0.55; ICA12: r < 0.01,
p = 0.20; ICA15: r < 0.01, p = 0.67; ICA17: r < 0.01,
p = 0.94; ICA18: r < 0.01, p = 0.93; ICA19: r < 0.01,
p = 0.56) of each network.

3.2.3 |
3.2.2

Anger-out

| Anger control

The analysis showed a positive significant correlation
between temporal frequency in the DMN and anger control (r = 0.36, p = 0.002), even when correcting for gender (r = 0.33, p = 0,006), age (r = 0.35, p = 0.004), TIV
(r = 0.3665, p = 0.0018), social desirability (r = 0.3499,
p = 0.0030) and the other three anger’s subscales of the

The analysis showed no significant correlations with trait
anger when considering the variability (ICA1: r = 0.1,
p = 0.416; ICA3: r < 0.01, p = 0.976; ICA12: r = 0.2,
p = 0.091; ICA14: r = 0.10, p = 0.382; ICA15:
r = 0.141, p = 0.306; ICA17: r = 0.1, p = 0.495; ICA18:
r = 0.173, p = 0.181; ICA19: r = 0.332, p = 0.005) or the
frequency (ICA1: r < 0.01, p = 0.583; ICA3: r < 0.01,
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F I G U R E 3 Structural and functional networks associated with trait anger and anger control. The structural network (a) includes
portions of the temporal pole, the posterior cingulate cortex and the inferior parietal lobule, the lingual gyrus, the visual association area,
fusiform gyrus and parts of the cerebellum, which positively correlates with trait anger (r = 0.3386, p = 0.004) (c). The functional network,
that is, the default mode network, IC14 (b), whose frequency positively correlates with anger control (R2 = 0.13, p = 0.002) (d)

F I G U R E 4 Heatmap of the functional results. Heatmap plot of the four analyses showing the correlations between the four anger
scales (trait anger, anger-in, anger-out and anger control) with the functional networks (CN, cerebellar network; DAN, dorsal attention
network; DMN, default mode network; FPN, fronto-parietal network; LN, language network; SMN, sensorimotor network; SN, salience
network; VN, visual network)
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TABLE 3

Resting state results associated with anger control

Default mode network

Max value (x, y, z)

Brodmann

Label

+10–66 + 38

7

Posterior cingulate

+38 + 38–6

47

Ventral PFC

+42–80–34

No Brodmann area

Cerebellum

–40–78–32

No Brodmann area

Cerebellum-

10, 32

Anterior cingulate

+28–90–10

18

Visual association cortex

22 + 58 + 2
28–94–10

18

Visual association cortex

+6 + 34 + 16

32

Anterior cingulate

+0–90 + 32

32

Cerebellum-inferior semi-lunar lobule

+42–60–52

19

Visual extrastriate cortex

+56–20–10

22

Superior temporal gyrus

44–52–44

No Brodmann area

Cerebellum

32 + 8 + 58

6

Premotor cortex

14 + 12–10

No Brodmann area

Putamen

60–40 + 50

40

Parietal lobule

+62–40 + 50

40

Parietal lobule

9

Medial prefrontal cortex

+14 + 12–10

No Brodmann area

Nucleus accumbens

+6–84–42

No Brodmann area

Cerebellum

30 + 44 + 44

Note: DMN’s frequency significantly correlates with anger control.

p = 0.991; ICA12: r = 0.2, p = 0.090; ICA14: r < 0.01,
p = 0.946; ICA15: r = 0.173, p = 0.149; ICA17: r < 0.01,
p = 0.678; ICA18: r = 0.224, p = 0.073; ICA19: r = 0.316,
p = 0.009) of each network, after correcting for the
number of components (n = 8 considering both the
variability and the frequency of each; Bonferroni
corrected p critic = 0.003).

3.2.4

| Anger-in

The analysis showed no significant correlations with
anger-in when considering the variability (ICA1:
r < 0.01, p = 0.978; ICA3: r = 0.10, p = 0.329; ICA12:
r < 0.01, p = 0.972; ICA14: r < 0.01, p = 0.785; ICA15:
r = 0.1, p = 0.521; ICA17: r = 0.141, p = 0.247; ICA18:
r = 0.316, p = 0.007; ICA19: r = <0.10, p = 0.888) or the
frequency (ICA1: r = 0.224, p = 0.059; ICA3: r = 0.10,
p = 0.549; ICA12: r = 0.141, p = 0.254; ICA14:
r = 0.245, p = 0.035; ICA15: r = 0.10, p = 0.376;
ICA17: r = 0.141, p = 0.215; ICA18: r = 0.2,
p = 0.086; ICA19: r < 0.01, p = 0.986) of each network,
after correcting for the number of components (n = 8
considering both the variability and the frequency of
each; Bonferroni corrected p critic = 0.003).

4 | DISCUSSION
Anger is a fundamental emotion that helps us to respond
to perceived provocations, hurts or threats (Sorella
et al., 2021). In this paper, we explored important aspects
of anger by relying on self-report measures of trait anger,
anger control, anger-out and anger-in of the STAXI
questionnaire. As predicted, we found neural correlates
of trait anger, defined as a stable personality tendency to
experience anger, and anger control or the ability individuals have to regulate this emotion. In particular, we
hypothesized that trait anger may be more related to
structural properties of the brain and that anger control,
anger-out and anger-in may be more expressed at a functional level. In line with our predictions, we found evidence of a structural network associated with trait anger
and separate functional evidence for anger control abilities in the DMN. No significant result was associated
with anger-out and anger-in scores. We discussed these
results in more details in the next sections.

4.1 | The structural side of trait anger
ICA applied to structural images revealed that trait anger
is associated with a network including the right temporal
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pole, the right ventromedial temporal area, the posterior
cingulate, the bilateral fusiform gyrus (anterior and
posterior regions) and the cerebellum. Scholars suggested
that during anger-eliciting situations, a mutual interaction between posterior and anterior temporal areas can
be responsible for retrieving semantic memories of past
experiences associated with anger, enhancing the
elicitation of this emotion (Potegal & Stemmler, 2009;
Sorella et al., 2021). Medial and anterior temporal areas
are involved in mnemonic and emotional processing
(Grecucci et al., 2010; Grecucci, Giorgetta, Bonini, &
Sanfey, 2013; Grecucci, Giorgetta, van Wout, et al., 2013;
Harris & Friston, 2010; Roshtstein et al., 2011), and they
can have a key role in anger-related experiences. Indeed,
temporal lobectomy has been shown to cause social
withdrawal in monkeys and to reduce aggression and
rage in both monkeys and humans (Fenwick, 1989; Olson
et al., 2007; Potegal & Stemmler, 2009). In particular, the
temporal pole found in our analysis is consistent with
previous research showing its involvement in both angerinducing paradigms (Damasio et al., 2000; Dougherty
et al., 1999; Foster & Harrison, 2002; Grecucci, Giorgetta,
Bonini, & Sanfey, 2013; Grecucci, Giorgetta, van Wout,
et al., 2013; Kimbrell et al., 1999; Klimecki et al., 2018;
Olson et al., 2007) and aggressive and/or violent habits
(Bufkin & Luttrell, 2005; Potegal & Stemmler, 2009). This
area seems to bind highly processed perceptual inputs to
visceral emotional responses, allowing the formation of a
personal semantic memory through perception–emotion
linkages (Olson et al., 2007), especially when considering
anger-related social cues used to interpret the behaviours
of others (Sorella et al., 2021).
The fusiform gyrus area has previously been associated with emotional valence (Mattek et al., 2020),
especially when considering anger during mental imagery (Drexler et al., 2000). In addition, the right anterior
fusiform gyrus is crucial for associative semantic knowledge (Mion et al., 2010) and could be responsible for the
initial elicitation of anger-associated beliefs (stored in our
semantic system), such as the unfairness of the situation
(Fernandez & Wasan, 2009; Smedslund, 1993).
Therefore, these temporal regions can underlie a link
between perceptions, memories and emotion that is
characterized by higher grey matter concentration in
individuals with high trait anger. In addition, this higher
concentration of grey matter could be responsible for
hostile interpretations of environmental cues related to
trait anger (Wilkowski & Robinson, 2007, 2008, 2010),
especially when a more explicit conceptualization of
events is considered. This process in particular may rely
on the posterior cingulate cortex, whose activity is related
to the conceptualization of self-relevant cues (Ochsner
et al., 2005; Rameson et al., 2010), especially when they
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are socially significant (Johnson et al., 2006). In addition,
these conceptualizations are characterized by high
certainty in high trait anger individuals (Lerner &
Keltner, 2000). Accordingly, the posterior cingulate has
been previously associated with high certainty (Luttrell
et al., 2016), and different meta-analyses revealed that
this area is also implicated during both anger-inducing
life experiences and anger perception (Murphy
et al., 2003; Phan et al., 2002; Sorella et al., 2021).
Lastly, the cerebellum has been found to play a role
in negative emotions such as anger and disgust, and it
seems particularly relevant for emotional control when
goal-directed behaviour is needed in social contexts
(Schraa-Tam et al., 2012). In addition, a recent metaanalysis found involvement of the cerebellum in both
perceptual and aggressive mechanisms associated with
anger (Klaus & Schutter, 2021). Furthermore, the authors
found that cerebellar activity was functionally connected
with several networks, such as the somatomotor and the
DMN. Therefore, the role of the cerebellum in anger
could be modulated by these connectivity patterns, where
the DMN could play a regulatory role, as explained in the
following paragraph.

4.2 | The functional side of anger control
Functional analyses revealed that individual differences
in anger control correlate with the temporal frequency of
the DMN, whereas the temporal variability of the
networks showed no significant correlations. Even if the
interpretation of the temporal frequency of the DMN is
still under debate, there is some evidence that shows its
relevance when considering different variables, such as
physiological activity (Yuen et al., 2019), age, gender
(Allen et al., 2011) and mental illness (Garrity
et al., 2007). Our results extend this evidence to the study
of emotional control. Indeed, they confirm and extend
previous findings on the topic, showing for the first time
an association between anger control and the DMN temporal frequency, rather than other widely used connectivity measures, such as the role of different areas in the
network or the strength of their connections. Nevertheless, our results are in line with previous studies
suggesting that some areas of the DMN are implicated in
the regulation of emotions (Grecucci et al., 2019). It has
been shown that DMN alterations are associated with
anger in both clinical and non-clinical populations. For
example, a study by Hasler et al. (2017) suggested that
inter-hemispheric DMN asymmetry (e.g. in the inferior
parietal lobule and in the medial frontal gyrus) is related
to anger expression in individuals with ADHD, which
are characterized by impaired anger regulation.
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Furthermore, criminal psychopathic individuals show
altered FC in the DMN (Pujol et al., 2012), suggesting
that this network is also involved in the regulation of
violent acts.
Other studies with non-clinical populations suggest
that negative mood states, such as anger, might result
from impaired connectivity between DMN regions. In
particular, anger is negatively associated with connectivity between dorsal and ventral regions in the DMN
(Dong et al., 2017). In addition, the modulation of the
DMN activity following acute tryptophan depletion
(which reduces serotonin levels) is associated with mood
change: Specifically, there is a link between lowfrequency spontaneous BOLD activity in the superior
parietal lobule and self-reported scores of anger and
hostility (Kunisato et al., 2011). Another study showed
associations between the activation of the anterior
cingulate cortex and anger control capacity; males with
high trait aggression show a decreased activation in this
area during a frustration task, suggesting that this region
could play a role in the control of anger (Pawliczek
et al., 2013).
In addition, many studies show that the mPFC
(another hub of the DMN) can suppress limbic activation
of subcortical, paralimbic and temporal areas (for a
review, see Harris & Friston, 2010). A possible explanation could be that the DMN, through the FC of frontal
regions with limbic and perceptual brain areas, can
reduce the effect of hostile interpretations and angry
reactions through an effortful control (Wilkowski &
Robinson, 2010). Consistently, the DMN has been associated with monitoring potential alternative courses of
action (Allegra et al., 2018), possibly modulating inferences about the beliefs and intentions of others (Laird
et al., 2011; Li et al., 2014; Schilbach et al., 2008).
Although anger is characterized by high external causality attributed to others and high goal-directed motivation,
the DMN is known to reduce this motivation and to
improve social understanding and representation of
others’ mental states (Greicius et al., 2003; Gusnard &
Raichle, 2001; Li et al., 2014; Samson et al., 2004). Therefore, the DMN can induce a self-referential process that
can regulate and control anger while increasing social
and moral emotions, such as guilt (Colasante et al., 2015;
Stuewig et al., 2010).

5 | C ONCLUSIONS A ND
LIMITATIONS
Separating different aspects of anger is of fundamental
importance to fully understand this complex emotion
(Sorella et al., 2021). The study of how trait anger and
anger control capacity are implemented in our brain has
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been poorly addressed by neuroscience. In this paper, for
the first time, we found evidence of a structural network
associated with trait anger and a functional network
associated with anger control capacity. Because trait
anger is a stable personality trait, this becomes
sedimented in specific parts of the brain (posterior perceptual, amnestic and paralimbic brain regions), where
the grey matter concentration correlates with trait anger
scores. On the other hand, functional results show a positive correlation between anger control capacity and the
frequency of the DMN. In addition to the theoretical relevance of such results, clinicians can benefit from understanding the functional and structural bases of anger to
develop psychological treatments based on neuroscientific evidence. For example, by targeting the areas found
in the present study relying on pharmacology or neurostimulation methods, new treatments could be used to
improve anger regulation in clinical and non-clinical
populations suffering from anger dysregulation.
However, a limitation of the study is that it only concerns healthy subjects. Therefore, further evidence is
needed to generalize our results to clinical populations
characterized by anger dysregulation.
Another limitation, in contrast with previous studies
on anger (Alia-Klein et al., 2020; Gilam &
Hendler, 2015; Sorella et al., 2021), concerns the absence
of the amygdala in our results. This is probably due to
the difficulty to identify subcortical regions in whole
brain multivariate analyses, thereby not allowing the
identification of cortico–subcortical networks (Malherbe
et al., 2014). However, future studies should take into
account the possible relationship between the DMN and
the amygdala in anger and its control. Indeed, although
it is known that the mPFC plays a regulatory role on the
amygdala during affective processes, such as during the
regulation of anger (Alia-Klein et al., 2020), some studies
also suggest that the entire DMN could be involved in
emotion regulation, given its suppression of limbic and
paralimbic areas (Buckner et al., 2008; Harris &
Friston, 2010) and its alterations associated with anger
expression and violence (Hasler et al., 2017; Pujol
et al., 2012). For example, it has been observed that individuals with a genotype associated with aggression are
characterized by DMN deactivations during inhibitory
control (Ma et al., 2018), although posterior cingulate
deactivations were observed in psychopathic individuals
during moral dilemmas (Pujol et al., 2012). Our results
are in line with this evidence and suggest that the DMN
can be involved in the regulation of emotions such as
anger and in moral judgements. In particular, the
mentalization process associated with the DMN could
play a key role in the regulation of anger, for example,
when considering the possible consequences of anger
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expression. However, future studies are needed to clarify
and sustain these hypotheses.
In addition, we analysed structural and functional
data separately. Future studies can further investigate
the relation between structural and functional brain
networks involved in emotional experiences, especially
when considering emotional control and the common
brain areas involved in these analyses. For example, the
posterior cingulate emerged both in the structural and
in the functional networks. On a speculative account,
its role could be modulated according to its connectivity
with other brain areas. For example, it has been previously linked to both certainty (Luttrell et al., 2016),
characteristic of high trait anger and moral judgement
(Pujol et al., 2012), which could be involved in the
control of anger when other areas of the DMN are also
activated.
Finally, it should be noted that the DMN identified by
the ICA mainly involved posterior brain regions. Other
studies relying on the same analysis found similar effects
(see, e.g. Motoyama et al., 2019). In multivariate analyses,
this could be explained by the fact that posterior regions
of the DMN seem to be more robust (Kim & Lee, 2011).
Future studies are needed to better understand this
result, in particular considering the anterior and posterior regions of the DMN and their link with affective
processes.
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