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Panic disorder is a prevalent and disabling condition marked by recurrent panic attacks and high treatment resistance. While
previous research has focused on dysfunction within canonical fear circuits, the neurobiological basis of panic disorder may involve
broader alterations across multiple brain systems. Here, we conducted a meta-analysis of functional neuroimaging experiments to
identify consistent patterns of altered brain activity in panic disorder. We found increased activity in a
prefrontal–hippocampus–brainstem axis, which was not confined to traditional fear-related regions. This pattern showed robust
spatial associations with serotonergic and dopaminergic receptor distributions and was significantly explained by gene expression
profiles of candidate genes, accounting for over one-third of the variance and supporting a polygenic model of the disorder.
Further enrichment analyses revealed that the brain pattern is characterized by low neurodevelopmental and evolutionary
expansion and reduced oxygen metabolism, consistent with theories of brainstem-based hypersensitivity. Functional annotation
linked the identified brain pattern to emotional arousal, memory, learning, and goal-directed behavior, suggesting that panic
disorder reflects psychophysiological interactions of higher-order cognitive systems and evolutionary older biological processes.
These findings suggest that panic disorder involves widespread neural alterations beyond fear circuitry and highlight potential
molecular and functional targets for future mechanistic and therapeutic research.
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INTRODUCTION
The term panic is derived from the Ancient Greek adjective
πανικός (pertaining to Pan) and refers to the shepherd-god Πάν
(Pan) with his goat’s feet and two horns [1]. The son of Ἑρμῆς
(Hermes) was known for playing sweet and low on his pipes of
reed [1], but causeless terrors were also said to come from this
keen-eyed god [2]. If the φόβος Πανικός (“panic”) that fell on the
Barbarians one night in their retreat during their battle with the
Greeks [2] met the criteria of a panic attack according to the DSM-
V, they must have experienced an abrupt surge of intense fear or
intense discomfort that reached a peak within minutes [3],
including physical (e.g., palpitations, dyspnoea, diaphoresis, chest
pain, dizziness, paraesthesia, or nausea) and/or cognitive (e.g.,
fear, fear of losing control, or feeling of alienation) symptoms [4].
The diagnosis of panic disorder refers to recurrent unexpected

panic attacks, followed by consistent concern about additional
panic attacks or their consequences as well as significant
maladaptive behavioral changes (e.g., avoidance behaviors) [3].
The considerable 1-year and lifetime prevalence of this anxiety
disorder is estimated at ≈2%, has been stable over the past two
decades and is higher in women than in men (≈2:1) [5–7]. First-line

treatments comprise evidence-based psychotherapies and phar-
macotherapy, but these are overall less effective in panic disorder
than in two other highly prevalent anxiety disorders, namely social
and generalized anxiety disorder [4]. More specifically, 20–40% of
patients fail to respond to state-of-the-art treatment [8, 9], which
may explain why the economic burden of panic disorder is highest
among all anxiety disorders [10]. Given the prevalence and burden
of panic disorder, it is thus remarkable that the current drug
development pipeline is rather empty [4]. In this context, it has
been proposed that novel therapies should address the “question
of how to selectively target neuronal subpopulations that build
pathological defensive responses within the fear network” [4].
However, there is no robust definition of a single neural “fear

network” in the brain. Qualitative overviews suggest that
perturbed threat responding in anxiety disorders involves
dysfunction in circuits associated with danger responses, includ-
ing the amygdala, caudate, fornix, hippocampus, insula, and stria
terminalis [4]. Neuroimaging meta-analyses indicate that the
rostral dorsomedial prefrontal cortex contributes to conscious
threat appraisal [11], a process that in cognitive models of panic
disorder is closely linked to catastrophizing and heightened
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interoceptive focus. While fear conditioning engages an
“extended fear network” comprising the anterior insular cortex,
ventral striatum and major thalamic nuclei, a large expanse of
medial wall cortex, the secondary somatosensory cortex, dorso-
lateral prefrontal cortex, lateral premotor cortex, the ventral-
posterior precuneus, lateral cerebellum, and smaller subcortical
regions such as the septal-hypothalamic zone and midbrain/dorsal
pons [12], it represents an associative learning mechanism that is
conceptually distinct from conscious threat appraisal. Yet, the
relevance of fear conditioning for panic disorder and the
subjective experience of fear remains debated, as highlighted by
the two-systems model [13], which distinguishes between
conscious fear experiences and non-conscious defensive survival
circuits, and evidence that panic patients may exhibit impaired
rather than enhanced fear learning [14]. Fear generalization, which
contributes to clinical anxiety, shows positive generalization, i.e.,
increased responding to stimuli resembling the conditioned
stimulus (threat cue) in cingulo-opercular, frontoparietal, striatal-
thalamic, and midbrain regions, and negative generalization, i.e.,
reduced responding to stimuli resembling the safety cue, in
default-mode network nodes and amygdala [15]. Preliminary
meta-analytic findings focused on emotion processing indicate
bilateral insula/inferior frontal gyrus hyperactivation in patients
with panic disorder [16]. While the “fear network“ framework has
guided much of the neuroimaging literature, recent reviews of
threat and safety learning [17–19] emphasize the complexity of
these processes across anxiety disorders. It thus remains unclear
whether panic disorder is best conceptualized as a dysfunction
within this network [11, 12, 15]. In fact, no robust, disorder-specific
neural signature has been established. Given the complex
symptomatology of panic disorder—spanning emotional, inter-
oceptive, cognitive, and autonomic domains—it is plausible that
its neural correlates extend beyond canonical fear circuits [4].
Developmental and metabolic gradients refer to large-scale
cortical axes reflecting regional variation in neurodevelopmental
timing and metabolic profiles across the brain. We therefore
hypothesize that panic disorder involves broader patterns of brain
dysfunction, potentially encompassing phylogenetically older
structures and systems involved in metabolic regulation, neuro-
transmission, and behavioral control.
It has been argued that anxiety disorders may be neurodeve-

lopmental in their origins and that genetic and epigenetics
influences on brain development and function are crucial to the
pathophysiology [20, 21]. This perspective aligns with research on
endophenotypes in anxiety disorders [22–25], which highlights
intermediate phenotypes bridging genetic risk and clinical
expression. Heritability estimates converge to rates of around
50% for panic disorder [26]. Yet, genetic and epigenetic testing
cannot be recommended for clinical practice, given the limited
evidence of specific risk genes [4]. However, respective studies
might provide mechanistic insights and hence avenues for new
treatments [4]. In particular, studying the genetic basis of putative
functional brain abnormalities and, in turn, association of the latter
with behavioral abnormalities could link pathophysiology to
psychopathology. Unfortunately, the exact relationship between
genetic mechanisms, brain development, functional brain altera-
tions and specific symptoms of panic disorder remains unclear.
Here, we aim to characterize the neurobiological architecture of

panic disorder by integrating large-scale neuroimaging evidence
with molecular and behavioral annotations. Specifically, we ask
whether consistent patterns of altered brain activity in panic
disorder show systematic spatial associations with key biological
features, including neurotransmitter systems, gene expression
profiles, developmental and metabolic gradients, and functional
domains of cognition and emotion. To address this, we first
conduct a meta-analysis of functional neuroimaging studies to
identify the pattern of abnormal brain activity in patients with
panic disorder. Based on prior evidence implicating

neurotransmitter systems in panic disorder, we expect to find a
specific chemoarchitectonic signature of disorder-related brain
activity. We further explore whether expression of candidate
genes previously linked to panic disorder explains variance in this
brain pattern, and whether the pattern preferentially localized to
phylogenetically older brain regions with lower metabolic rates.
Finally, we perform an unbiased, data-driven characterization to
determine which mental processes and behavioral domains are
most strongly associated with this brain pattern using meta-
analytic functional annotations. By combining neuroimaging
meta-analysis with enrichment analyses across multiple biological
scales, this work seeks to provide an integrative perspective on
the pathophysiology of panic disorder. This integrative approach
aims to move beyond narrow circuit models and provide a more
comprehensive view of the neurobiology of panic disorder.

METHODS
Data selection
Our study was conducted in accordance with the “Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA)” statement and
best practice guidelines for neuroimaging meta-analysis [27, 28].
A principled procedure to identify the relevant experimental studies

published from January 1, 1997, to March 31, 2025, was used
(Supplementary Fig. 1). First, we selected studies through a standard
search in the PubMed (https://www.ncbi.nlm.nih.gov/pubmed/), ISI Web of
Science (https://www.webofknowledge.com) and Scopus (https://
www.scopus.com/) databases using the term “panic disorder” in combina-
tion with “fMRI”, “functional MRI”, “functional magnetic resonance”, “PET”,
“positron emission”, “ASL”, “arterial spin labeling”, “MEG”, “magnetoence-
phalography”, “neuroimaging”, or “imaging.” Second, further studies were
found by means of the “related articles” function of the PubMed database
and by tracing the references from the identified papers and review
articles. Task-based neuroimaging experiments were considered relevant
when they reported either (1) group comparisons between patients with
panic disorder and controls, (2) correlations of brain activity with measures
of symptom severity. Only experiments reporting results of whole-brain
group analyses with coordinates referring to a standard reference space
(Talairach-Tournoux or Montreal Neurological Institute (MNI)) were
included. Results of region-of-interest or seed-based connectivity analyses
and studies not reporting stereotaxic coordinates were excluded. We did
not apply an external statistical significance threshold for including
activation or deactivation foci. Because statistical criteria and correction
methods vary widely across studies, imposing a uniform threshold would
risk systematic selection bias. Instead, we included all whole-brain, peer-
reviewed experiments, assuming that reported coordinates met each
study’s methodological standards. The ALE random-effects framework
then evaluates convergence across studies, reducing the influence of
individual thresholding choices.
Study eligibility was independently assessed by two reviewers (K.Z. and

T.B.P.). In cases of uncertainty or disagreement regarding inclusion or
exclusion of a study, a senior expert (S.B.E.) was consulted to resolve
discrepancies and ensure consistency with predefined criteria.
On the basis of these search criteria, 34 papers were found to be eligible

for inclusion into the meta-analyses (Supplementary Table 1). Thirty-two
functional magnetic resonance imaging and two positron emission
tomography but no magnetoencephalography studies or arterial spin
labeling studies fulfilled our search criteria. Together, these papers
reported 620 foci obtained from 106 experimental contrasts (Supplemen-
tary Table 2).
The count of these foci was composed of 315 activations from 54 direct

group comparisons (‘panic disorder > controls’) and 11 foci of positive
correlations between brain activity and symptom severity from 2 analyses
as well as 224 deactivations from 38 direct group comparisons (‘panic
disorder < controls’) and 1 focus of negative correlation between brain
activity and symptom severity from 1 analysis. In addition, 11 analyses on
main group or interaction effects reported altogether 69 foci indicating
differential activity between patients with panic disorder and controls.
Differences in coordinate spaces (Talairach vs. MNI space) were accounted
for by transforming coordinates reported in Talairach space into MNI
coordinates using a linear transformation [29]. Because participant overlap
across publications is rarely reported in primary studies, sample
independence was evaluated based on available information (e.g., sample
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size, demographics, and recruitment descriptions), which provides an
approximate but field‑standard approach (see Supplementary Table 1).
First, convergence of all reported foci was analyzed for the main effect of

aberrant brain activity in panic disorder (106 experimental contrasts, 620
foci; see Supplementary Figs. 2 and 3). Furthermore, we assessed
convergence of reported activation foci indicating increased brain activity
in panic disorder by pooling direct comparisons and correlational analyses
(56 experimental contrasts, 326 foci; Fig. 1a/b). In an analogous manner
(i.e., by pooling group comparisons and correlational analyses), we tested
for convergence of reported deactivation foci (39 experimental contrasts,
225 foci). The denoted sample sizes (i.e., number of experimental contrasts)
have been shown to be sufficient to achieve robust meta-analytic
estimates [30].

Activation likelihood estimation
All statistical analyses were carried out using the revised ALE algorithm for
coordinate-based meta-analysis of neuroimaging results (Supplementary
Methods) [31, 32]. This algorithm aims to identify regions with a
convergence of reported coordinates across experiments that is higher
than expected from a random spatial distribution. Foci are treated as
centers of 3D Gaussian probability distributions capturing the spatial
uncertainty associated with each focus [31]. Here, the between-subject
variance is weighted by the number of participants per study, since larger
sample sizes should provide more reliable approximations of the “true”
activation effect and should therefore be modeled by more “narrow”
Gaussian distributions. Subsequently, probabilities of all foci reported of a
given experiment were combined for each voxel, yielding a modeled
activation (MA) map [32]. To avoid bias from multiple contrasts within the
same study (“double dipping”), we organized foci by subject group. This
ensures that multiple foci from a single experiment do not artificially
increase MA values, and that contrasts from the same dataset do not

cumulatively inflate ALE scores [32]. It can thus be ruled out that effects are
amplified by nonorthogonal contrasts (i.e., from the same study) being
submitted to the same analysis. In other words, each study contributes
only once per subject group, preventing amplification of effects from non-
independent contrasts. The union across these individual MA maps was
then calculated to obtain voxel-wise ALE scores, i.e., an ALE map, which
quantified the convergence across experiments at each location in the
brain. More precisely, ALE scores were calculated by taking the voxel-wise
union of their probability values (i.e., 1� ΠNfoci

i ð1� p ið ÞÞ, where p ið Þ is the
probability associated with the ith focus at this particular voxel). To
distinguish “true” from random convergence, ALE scores (i.e., the ALE map)
were compared to an empirical null distribution of random spatial
associations between experiments using a non-linear histogram integra-
tion algorithm [31]. The resulting random-effects inference focuses on the
above chance convergence across studies rather than the clustering within
a particular study [33]. This null hypothesis was derived by computing the
distribution that would be obtained when sampling a voxel at random
from each of the MA maps and taking the union of these values in the
same manner as for the (spatially contingent) voxels in the original analysis
[31]. The p-value of a “true” ALE score was then given by the proportion of
equal or higher values obtained under the null distribution. The resulting
nonparametric p-values were then assessed employing threshold-free
cluster enhancement using 10,000 permutations for correcting multiple
comparisons [31].
Contributions were estimated by determining for each included

experiment, how much it contributes to the summarized test-value (i.e.,
the ALE score) of a specific cluster. This was done by computing the ratio
of the summarized test-values of all voxels of a specific cluster with and
without the experiment in question, thus estimating how much the
summarized test-value of this cluster would decrease when removing the
experiment in question [27].

Fig. 1 Brain regions showing increased brain activity associated with panic disorder. a, The meta-analysis included 326 foci of increased
brain activity in patients with panic disorder from 56 experiments. b, For each voxel, activation likelihood estimates (ALE) reflect the union of
the modeled activation (MA) maps across all experiments included. c, Nonparametric tests revealed four clusters of significant convergence of
altered brain activity in corresponding experiments (p < 0.05, corrected). These regions comprised the left dorsolateral prefrontal cortex, left
hippocampus, and brainstem (cf., Table 1). The color bar indicates TFCE-values. L, left; TFCE, threshold-free cluster enhancement.
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For anatomical labeling, we capitalized on cytoarchitectonic maps of the
human brain provided by the Statistical Parametric Mapping (SPM)
Anatomy Toolbox (JuBrain Anatomy Toolbox v3.0) [34–36]. Clusters were
thus assigned to the most probable histologically defined area at the
respective location. This probabilistic histology-based anatomical labeling
is reported in the results tables. References to details regarding
cytoarchitecture are given in the table notes. For areas not listed in this
tool, we relied on the Talairach Daemon [37], including Structural
Probability Maps, which in turn are based on 50 or more MRI brain
volumes that were automatically labeled using the non-linear image-
matching ANIMAL algorithm [38].

Spatial correlation with receptor/transporter densities
Finally, we evaluated the topographical relationship between altered brain
activity in panic disorder and the distribution of receptor/transporter
systems as derived from positron emission tomography (PET) studies in
independent healthy volunteers. To this end, we used Spearman’s rank
partial correlation implemented in the JuSpace toolbox [39], controlling for
partial volume effects and spatial auto-correlation. Receptor maps included
cholinergic, dopaminergic, GABAergic, glutamatergic, noradrenergic,
opioidergic, and serotonergic systems (Supplementary Table 3). For these
analyses, we used the unthresholded whole-brain meta-analytic maps,
which preserve the continuous spatial pattern of cross-study convergence.
These maps were parcellated together with all neurotransmitter maps
using the 119-region Neuromorphometrics atlas provided with JuSpace
(https://github.com/juryxy/JuSpace/tree/JuSpace_v1.5/JuSpace_v1.5/atlas),
and correlations were computed across all parcels. This whole-brain
parcellation avoids biases that would arise from restricting analyses to
thresholded ALE clusters. Receptor maps showing significant associations
(p < 0.05, FWE rate corrected) were subsequently entered into multiple
linear regression models to assess the specificity of their contributions.

Gene expression analysis
To test whether the significant associations observed in the above analysis
are also found at the level of transcriptomics, we downloaded the

interpolated mRNA data in MNI space (https://www.meduniwien.ac.at/
neuroimaging/mRNA.html) for genes encoding the respective receptors as
derived from the Allen Human Brain Atlas [40]. We also used this database
to investigate whether the meta-analytic brain map of increased activity in
panic disorder is linked to established candidate genes in panic disorder
[41–43]. The final selection of 13 genes was based on candidate genes as
derived from our receptor/transporter association analysis or as specified
by a meta-analysis, an up-to-date chapter in the New Oxford Textbook of
Psychiatry, or an authoritative review [41–43]. In this analysis, parcel-wise
unthresholded TFCE values served as the dependent variable, representing
the spatial pattern of increased activity in panic disorder. Parcel-wise
mRNA expression levels of all 13 selected genes were used as predictors to
assess whether their combined spatial distribution relates to the meta-
analytic activation pattern. To follow the concept of the polygenic risk
score (PRS), we employed multiple linear regression models entering all
mRNA data into a single model and comparing the overall explained
variance to the one obtained using permuted mRNA data adjusting for
spatial autocorrelation.
Next, we employed dominance analysis to determine the relative

contribution (“dominance”) of each independent variable to the overall fit
(R2) of the multiple linear regression model (https://github.com/
dominance-analysis/dominance-analysis [44]). To this end, the same
regression model was fitted on every combination of input variables
(i.e., 2p− 1 submodels for a model with p input variables). Total
dominance is defined as the average of the relative increase in R2 when
adding a single input variable of interest to a submodel, across all
2p− 1 submodels. Since the sum of the dominance of all input variables is
equal to the total R2 of the complete model, total dominance is an
intuitive method that partitions the total effect size across predictors.
Therefore, unlike other methods of assessing predictor relevance, such as
methods based on regression coefficients or univariate correlations,
dominance analysis accounts for predictor-predictor interactions and is
easily interpretable. Dominance was normalized by the total fit (R2) of the
model, to make dominance fully comparable both within and across
models. The normalized total dominance (percent contribution) is
illustrated in the pie char in Fig. 2.

Fig. 2 Relationship of altered brain activity in panic disorder with chemoarchitecture and gene expression. a, b, Meta-analytically derived
increased brain activity (a) was spatially related to distribution of 5-HT1A, SERT, D2, and DAT (* p < 0.05, family-wise error corrected) (b). The
color bar represents TFCE-values as weighted sums of the entire local clustered signal on the unthresholded brain map. A multiple linear
regression model was fit between expression profiles of candidate genes in panic disorder and the meta-analytic brain pattern), indicating
that all genes had explanatory power (R2= 0.341). Dominance analysis was applied to the independent variables (mRNA expression data) to
determine which genes were contributing most to the model fit. Percent contribution is shown in the pie char (c).
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Expansion and metabolism
To investigate how the brain map of altered brain activity in panic disorder
relates to brain development and metabolism, we used the neuromaps
package (https://github.com/netneurolab/neuromaps) [45], which allows
for sharing, transforming, and comparing brain maps. This package
contains curated reference brain maps from the literature that have been
published to facilitate contextualization of brain annotations. We used the
neuromaps transformation functions to convert the meta-analytic brain
map of panic disorder (“source map”) to the cortex space of three selected
normative brain maps from neuromaps (“target maps”): (1) brain map of
developmental expansion, derived from healthy infants and adults [46],
where developmental expansion describes the degree to which cortical
regions increase in surface area from early development into adulthood;
(2) (sample size weighted) brain map of evolutionary expansion,
representing the ratio of the surface area in humans to that of
chimpanzees [47] or macaques [48]; (3) brain map of oxygen metabolism,
expressed as cerebral metabolic rate for oxygen (CMRO2) [49]. Outliers
were quantified using the commonly used 1.5 × interquartile range (IQR)
rule and accounted for by winsorizing. We relied on the default, primary
map comparison workflow, which uses the standard Pearson correlation to
test the association between provided maps. For significance testing, we
implemented non-parametric, spatial autocorrelation-preserving null
models for statistical comparison between the source and the target
brain maps [50]. Multiple comparison adjustments were conducted to
control the FWE rate.

Behavioral profiling
To obtain a data-driven functional characterization of the spatial pattern of
meta-analytically derived altered brain activity in panic disorder, we
capitalized on Neurosynth [51], one of the largest extant repositories of
functional brain-imaging results with rich experimental descriptions. We
obtained unthresholded voxel-wise probabilistic measures of the associa-
tion between our meta-analytic maps and terms of neurocognitive
processes from Neurosynth. This meta-analytic tool synthesizes results
from more than 14,000 published functional MRI studies by searching for
high-frequency key words (such as “pain” and “attention”) that are
published alongside standardized coordinates of neural activity responses.
Neurosynth measures associations as the probability that a given term is
reported in a brain-imaging experiment if neural activity changes are
observed at a given brain location (the association test). The approach is
based on the co-occurrence that certain brain areas are frequently
mentioned in conjunction with certain words. Behavioral term associations
were derived from large‑scale reverse‑inference models that adjust for
base‑rate term frequencies across the neuroimaging literature, yielding
standardized estimates of the functional domains most strongly associated
with the observed activation pattern. Neurosynth matches voxels to more
than 1000 terms, many of which are anatomical (“accumbens”,

“dorsolateral”), disease-specific (“adhd”, “ad”), or otherwise non-
psychological in nature and difficult to interpret (“adult”, “arterial spin”).
Therefore, to reduce the list of terms to those that involve psychological
processes, and following the methodology used originally by Hansen et al.
[52], we used the Cognitive Atlas [53], a public ontology of cognitive
science. This resulted in 125 terms in the intersection of the Cognitive Atlas
and Neurosynth, ranging from umbrella terms (e.g., “attention”, “emotion”)
to specific terms of cognitive processes (e.g., “visual attention”, “episodic
memory”), types of behavior (e.g., “eating”, “sleep”), and emotional states
(e.g., “fear”, “anxiety”). Note that these features were fetched program-
matically, using the neurosynth Python package (https://github.com/
neurosynth/neurosynth). For each term, we correlate the Neurosynth-
derived meta-analytic volumetric map to the brain-wide ALE values
(Pearson correlation). These volumetric correlations are done using the
neuromaps Python package (https://github.com/netneurolab/neuromaps),
which stacks brain voxels (masking background or other non-brain voxels)
into a vector before correlating the two vectorized volumetric images [45].
Correlations highlight the spatial overlap between functional activations
associated with a given cognitive term and the obtained whole-brain
correlates of panic disorder.

RESULTS
Coordinate-based meta-analysis
We used activation likelihood estimation (ALE) meta-analysis of
pertinent neuroimaging data from ≈1600 patients and controls to
generate a brain map of panic disorder. This brain map is based
on experiments employing various tasks and reporting group
comparisons between patients with panic disorder and controls or
correlations of brain activity with measures of symptom severity.
Across 106 experiments, no convergence of generally altered brain
activity in panic disorder was observed. In contrast, convergence
of increased brain activity in patients with panic disorder across 56
experiments was located in the left dorsolateral prefrontal cortex,
left hippocampus, and several brainstem nuclei (Fig. 1c and
Table 1), consistent with the notion that abnormal anxiety is
reflected by neural hyperactivity, but without evidence for a role
of the amygdala in the pathophysiology of panic disorder [54].
Local maxima of convergence within the brainstem were
identified in periaqueductal gray, inferior colliculus, pedunculo-
tegmental nucleus, microcellular tegmental nucleus, medial
parabrachial nucleus, substantia nigra, and ventral tegmental area
(Table 1). Although some theoretical accounts have proposed that
pathological anxiety may involve deficits in neural inhibitory
control networks, our follow-up analyses indicating no

Table 1. Increased brain activity in panic disorder.

Macroanatomical
Location

Cluster Size
in Voxels

MNI Coordinates TFCE
Score

x y z

L Periaqueductal gray, inferior colliculus, pedunculotegmental ncl. 185 −10 −34 −12 13760.5

R Microcellular tegmental nucleus 10 −32 −10 12439.4

R Periaqueductal gray, Inferior colliculus 8 −34 −12 12428.8

R Medial parabrachial nucleus 6 −34 −22 12048.1

L Substantia nigra 77 −12 −20 −16 12113.8

L Ventral tegmental area – parabrachial pigmented nucleus complex −4 −22 −14 12019.0

L Substantia nigra −10 −14 −22 11758.8

L Hippocampus (dentate gyrus) 53 −28 −24 −10 12145.5

L Hippocampus −22 −24 −6 11800.4

L Hippocampus −22 −22 −6 11800.4

L Dorsolateral prefrontal cortex 9 −48 32 28 11870.6

There was no convergence of generally aberrant brain activity across 106 experiments featuring 620 foci or of decreased brain activity across 39 experiments
featuring 225 foci. Across 56 experiments featuring 326 foci of increased activity related to panic disorder, ALE revealed four clusters of significant
convergence. Results are corrected for multiple comparisons using threshold−free cluster enhancement (p < 0.05).
ALE activation likelihood estimation, MNI Montreal Neurological Institute.
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convergence of generally decreased neural activity associated with
panic disorder provided no evidence to support the claim that
abnormal anxiety is linked to such inhibitory deficits [55].
Given that basic neuroscience research suggests that psycho-

pathology in anxiety disorders involves dysfunction in brain
circuitries that support core psychological processes, in particular
emotion and learning [4], we asked whether the significant
findings (i.e., increases in brain activity) might be driven by
corresponding experimental paradigms (cf. Supplementary
Table 2). To test whether our findings were driven by specific
task types, we performed contribution analyses and additional
sensitivity checks. All major paradigms contributed to the
observed clusters, except for the small dorsolateral prefrontal
cortex cluster, which was only supported by tasks involving
emotional stimuli. Statistical comparisons between meta-analytic
maps for different task categories (emotional vs. non-emotional;
learning vs. non-learning all experiments) revealed no significant
differences (Supplementary Figs. 4–7). Furthermore, non-para-
metric, spatial autocorrelation-preserving null models confirmed
that maps derived from different paradigms were highly similar to
the overall map (all r ≥ 0.562, all pspin-FWE < 0.001) as well as to
each other (all r ≥ 0.230, all pspin-FWE ≤ 0.042). Also narrowing the
meta-analyses to MRI experiments led to the same results. These
results indicate that the identified brain pattern reflects a general
feature of panic disorder rather than being driven by a specific
task. The pattern observed here contrasts with findings in other
major psychiatric disorders such as schizophrenia, mood disorders,
or personality disorders, which typically show reduced rather than
increased activation in comparable analyses [55–59], although
formally quantifying disorder-specificity would require direct map-
to-map comparisons with large-scale meta-analytic brain maps
from those conditions. To nevertheless provide a quantitative
benchmark, a spatial dissimilarity analysis comparing the panic
disorder map with a large transdiagnostic ALE map [55] showed
marked and, at intermediate thresholds, significant dissimilarity
(e.g., D= 0.995, p= 0.026 at the 60th percentile, 69 parcels),
indicating that the observed pattern reflects largely panic‑specific
topography.

Relationship to molecular architecture
Given that the increased brain activity localizes to a prefrontal-
hippocampus-brainstem axis, we sought to identify the relation-
ship between the brain map of panic disorder and neurotrans-
mitter systems. We used data from a recent PET atlas of nine
neurotransmitter systems in the human brain to estimate
distributions of 15 neurotransmitter receptors and transporters
[45, 60]. Correlational analyses between the brain map of
increased neural activity in panic disorder and density of
neurotransmitter receptors/transporters in the human brain
revealed a significant positive relationship (receptor: mean Fisher’s
z, p-value) to serotonergic (serotonin 1A (5-HT1A): r= 0.351,
pFWE= 0.040; serotonin transporter (SERT): r= 0.355, pFWE= 0.014)
and dopaminergic (D2: r= 0.259, pFWE= 0.045; dopamine trans-
porter (DAT): r= 0.340, pFWE= 0.014) systems (Fig. 2a/b). That is,
the higher the availability of respective receptors in a given brain
region as derived from healthy volunteer studies, the more
increased the brain activity within this brain region among
patients with panic disorder. The associations with 5-HT1A
(p= 0.003) and DAT (p= 0.003) remained significant when testing
for specificity of the respective findings in a multiple linear
regression including all of the above neurotransmitter maps. As an
additional methodological check, we examined whether the
spatial pattern of panic‑related hyperactivation aligns with
canonical macroscale anatomical gradients. Correlations with
both the principal functional connectivity gradient and the T1w/
T2w myelin map were negligible (|r| <0.02, p > 0.88), indicating
that these gradients do not account for the observed spatial
pattern. Taken together, we identified a robust relationship of

increased brain activity in panic disorder with serotonergic and
dopaminergic systems, with the most specific link to 5-HT1A
receptor distribution and dopamine transporter availability.

Relationship to gene expression
Next, we asked whether the brain map of panic disorder might be
determined by genetic influence. We selected 13 established
candidate genes in panic disorder and obtained the distribution of
their expression across the brain from the Allen Human Brain Atlas
[61]. We computed multiple linear regressions fitting all Allen
Human Brain Atlas mRNA data [61] relating to the significant
receptor/transporter findings as well as mRNA data of established
candidate genes in panic disorder into a single model. Next, we
applied dominance analysis to estimate the relative contribution
(“dominance”) of each gene to the overall fit (R2) of the model
(Fig. 2c). The overall-permutation-based p-value indicated that the
model was significant (R2= 0.341; p= 0.008) and hence that
expression of at least one of these genes had explanatory power.
Analysis of the individual contributions showed that all genes
significantly contributed to explain the pattern of altered brain
activity in panic disorder. Three serotonin system-related genes
encoding 5-HT1A (HTR1A), SERT (SLC6A4) and monoamine oxidase
A (MAOA) emerged among the top 5 dominant genes and,
together with HTR2A, accounted for 58.7% of the overall fit. In
contrast, the dopaminergic system, i. e., activity of DRD2 encoding
the dopamine receptor D2, COMT, encoding the catechol-O-
methyltransferase enzyme, and SLC6A3 encoding the dopamine
transporter made the least dominant contribution (9.1% com-
bined). Microarray expression of six further candidate genes
implicated in panic disorder also mapped to the meta-analytic
source map: BDKRB2, encoding the bradykinin receptor B2; CRHR1,
encoding the corticotropin-releasing hormone receptor 1; GLRB,
encoding the glycine receptor; SMAD1, encoding the SMAD family
member 1 protein; and TMEM132D, encoding the homonymous
single-pass transmembrane protein; with BDKRB2 as the third
most dominant among all genes.

Relationship to developmental and metabolic features
The “suffocation false alarm” theory of panic disorder has
conceived unexpected panic attacks as a primal defensive
reaction to threat within the internal milieu of the body that is
mediated by phylogenetically older brain structures, which
process basic information related to the body’s internal milieu
[62, 63]. Next, we therefore used spatial null models to
contextualize the brain map of altered brain activity in panic
disorder to developmental and metabolic features. That is, we
correlated the meta-analytic map with target maps of brain
expansion and metabolism and tested the significance using a
spatial autocorrelation-preserving null model (‘spin test’). We
found that panic disorder-related brain activity is enriched in
regions with least neurodevelopmental (r=−0.439,
pspin–FWE= 0.013) and evolutionary expansion (r=−0.257,
pspin–FWE < 0.001) (Fig. 3a/b). This is consistent with the notion
that panic symptoms originate from the phylogenetically older
brain structures. The “suffocation false alarm” theory explicitly
supposes a suffocation monitor to misfire an evolved suffocation
alarm system, considering carbon dioxide hypersensitivity as a
result of the deranged suffocation alarm monitor [62]. We
therefore ask whether the brain map of panic disorder relates to
the metabolic rate of oxygen, given that an integrated suffocation
alarm needs to deal with both carbon dioxide and oxygen. We
also find that the map is negatively correlated with cerebral
oxygen metabolism, which suggests that function is disturbed in
regions featuring greater metabolic resistance and efficiency—
that is, regions characterized by lower baseline oxygen consump-
tion and thus greater energetic efficiency—which may thus be
well suitable as gauges of the internal milieu (r=−0.171,
pspin–FWE= 0.021) (Fig. 3c).
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Relationship to behavior
To establish a relationship between increased brain activity in
patients with panic disorder and mental processes, we used the
Neurosynth meta-analytic database for probabilistic measures that
specific terms (e.g., “attention”, “emotion”, or “sleep”) are
functionally related to specific brain regions [51]. This quantity
mirrors how often specific terms and voxel coordinates are
published in conjunction with one another. We assessed the
correlation of panic disorder-related brain patterns with the
individual term maps from this database. Across the pattern of
increased brain activity, functional annotations from Neurosynth
with large positive loadings were significantly related to memory
and cognition (e.g., “memory”, “encoding”, “retrieval”), emotion
(e.g., “arousal”, “emotion”, “fear”, “mood”), and learning (e.g.,
“extinction”, “learning”). In contrast, terms with large negative
loadings related to motor action (e.g., “action”, “movement”,
“motor control”), attentional processes (e.g., “object recognition”,
“spatial attention”, “visual perception”), and goal-directed beha-
vior (e.g., “coordination”, “decision making”, “planning” (Fig. 3d).

DISCUSSION
Our meta-analyses revealed a consistent pattern of increased
activity in the dorsolateral prefrontal cortex, anterior hippocam-
pus, and several brainstem nuclei including periaqueductal gray
and substantia nigra in patients with panic disorder. These regions
are not part of the mid dorsomedial prefrontal cortex/dorsal
anterior cingulate cortex “core” fear network described by Mechias

and colleagues, which is “activated irrespective of how fear was
learnt” [11]. Instead, they overlap in part with structures engaged
during human fear conditioning [11, 12]. While dorsolateral
prefrontal cortex and brainstem nuclei have been assigned to a
“central autonomic-interoceptive network” within this neural
framework, the hippocampus is considered to route “safety
signal” (i.e., non-threat) processing [12]. In accordance with this
notion, a recent meta-analysis demonstrated that the dorsolateral
prefrontal cortex and brainstem nuclei are also crucial for fear
extinction learning, while the hippocampus is specifically involved
in fear extinction recall [64]. These findings remarkably match
recent meta-analytic results indicating that left dorsolateral
prefrontal cortex and brainstem nuclei positively code condi-
tioned fear generalization, while negative generalization effects
are located in the anterior hippocampus [15]. According to the
corresponding neural model of fear generalization, stimulus
information travels on a “high road” via sensory cortices as well
as on a quick and dirty “low road” via the amygdala to the
hippocampus, which assesses the overlap of the stimulus with
previously encoded threat stimuli by schematic matching [15].
Pattern separation is followed by activation of the fear inhibiting
ventromedial prefrontal cortex, whereas pattern completion is
followed by activation of threat excitatory regions including
brainstem nuclei [15]. These threat-related activations next
engage control areas of the brain, such as the dorsolateral
prefrontal cortex, which deploy attentional and emotion-
regulation processes for response optimization [15]. That our
meta-analysis revealed increased activity in the left anterior

Fig. 3 Relationship of altered brain activity in panic disorder with brain expansion, brain metabolism, and behavior. a, b, Meta-
analytically derived panic disorder-related brain activity (a) was spatially related to (b) developmental and evolutionary brain expansion.
c, Contextualizing this source map with respect to a normative map of oxygen metabolism, we found that areas with the greatest disorder-
related increase in activity feature the lowest metabolic rate of oxygen. d, Querying the Neurosynth database delinated significant similarities
between a given ontological term’s functional activity patterns and the meta-analytically derived increased brain activity maps of panic
disorder (red/blue = positive/negative correlation, range = [−0.2, 0.2]). Word size represents relative magnitude of a given significant
association.
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hippocampus, several brainstem nuclei, and left dorsolateral
prefrontal cortex might indicate that panic attacks result from
dysfunction in neural circuits of memory-related stimulus pattern
evaluation, threat-related processes, and emotiocognitive control,
suggesting that panic disorder involves alterations across multiple
functional domains rather than a single “fear network”.
This notion is reinforced by the observed functional associations

of the identified brain pattern of altered activity in panic disorder.
Our meta-analytic query of the Neurosynth database has linked
the functional substrates of panic disorder to aspects of memory
processes, learning, and emotional arousal as well as to attentional
processes, motor processes, and goal-directed behavior. Hence,
symptoms of panic disorder may be linked to alterations of
memory-related evaluation of potential threat stimuli, which
results in inadequate emotional arousal as well as impaired
attentional and goal-directed action. However, such stimuli may
also evolve from signals from the organism’s internal milieu that
are processed below the conscious awareness by phylogenetically
older areas, including particularly the brainstem [63, 65]. More
precisely, the “suffocation false alarm theory” has conceived
unexpected panic attacks as a primal defensive reaction to threat
within the internal milieu of the body and related them to the
activation of phylogenetically older brain structures, which
process basic information related to the body’s internal milieu
[62, 63]. Our analyses support this theory by showing that
increased activity is enriched in areas with least neurodevelop-
mental and evolutionary expansion and with low oxygen
metabolism–including the brainstem, consistent with the suffoca-
tion false alarm hypothesis [62] and neuroimaging evidence
implicating brainstem mechanisms in panic disorder [63]. Given
that the brainstem (and hippocampus) holds a low metabolic rate
of oxygen to oxygen delivery ratio, i.e., oxygen extraction fraction,
and features a high density of central chemoreceptors [66, 67], it
might be concluded in accordance with the “suffocation false
alarm theory” that panic attacks result from abnormal chemo-
sensitivity of hyperactive phylogenetically older, chemosensitive
brain regions. Evidence of patients with panic disorder showing
increased brainstem activation in response to experimentally
induced hypercapnia compared to controls and divers suggests
increased neural sensitivity to CO2 at the brainstem level [68].
We also find increased activity in the left dorsolateral prefrontal

cortex, i.e. phylogenetically more recent transmodal cortex, to be
involved in the etiopathology of panic disorder. While this may
also indicate the disturbance of “higher-level” mental functions,
our meta-analyses cannot distinguish psychological from physio-
logical causes of panic disorder or even weight their respective
impact on etiopathogenesis. However, the functional involvement
of brainstem regions together with limbic and prefrontal areas
suggests that the etiopathology of panic disorder may be based
on dynamic psychophysiological interactions of higher-order
cognitive systems and evolutionary older biological processes.
That is, the results of our meta-analysis in combination with
behavioral profiling suggest that the identified brain pattern
reflects both psychological and physiological alterations linked to
panic symptoms. This notion is supported by the observation that
psychotherapy of panic disorder, targeting higher mental
processes, can normalize hyperactivation of the left dorsolateral
prefrontal cortex [69]. Given that increased pre-treatment activity
of the left dorsolateral predicts better psychotherapy outcome
[70], it may be inferred that overactivity may reflect ineffective
regulation, which becomes more efficient following psychother-
apy [69].
Especially the (putative) involvement of brainstem nuclei and

the known therapeutic response to selective serotonin reuptake
inhibitors fueled the notion that dysregulation of the serotonergic
neurotransmitter system is central to the pathophysiology of panic
disorder [71, 72]. In this context, it has been reasoned that
particularly the brainstem serotonergic system is involved in panic

modulation with both altered serotonergic receptors and 5-HT
transporter bindings [63]. Our report of a robust association
between altered brain activity and serotonin transporter as well as
5-HT1A receptor distribution supports this hypothesis and
complements the findings of a small-sized study providing
evidence for reduced 5-HT1A receptor binding in untreated panic
disorder [73]. While the focus of research into brain neurotrans-
mission in panic disorder has been on the serotonergic system,
potential alterations in the dopamine system have been rather
neglected. There is preliminary evidence that binding potential of
the dopamine transporter reflects clinical status in panic disorder
[74]. Case reports indicate that dopamine agonists may induce
panic-like episodes [75, 76]. Given that blockade of D2 receptors
facilitates, while activation inhibits fear extinction in rodents, it has
been postulated that D2 antagonists may be useful adjuncts to
therapy of human anxiety disorders [77]. However, there is only
anecdotic evidence that specific blockade of the D2 receptor
reduces panic attacks [78]. Our study complements these findings
by showing that disorder-related brain activity specifically links to
the D2 receptor and the dopamine transporter. Thus, these results
also corroborate the somewhat older and long-forgotten notion of
dopaminergic overactivity in panic disorder [79]. Future research
should investigate whether these brain
activity–chemoarchitecture associations are due to altered avail-
ability or expression of receptors/transporters. Having a look at
underlying gene expression profiles may provide clues to answer
this question.
It is well-known that the association of mRNA expression with

protein products and receptor density may vary greatly between
genes, being not associated at all or even negatively associated for
some, and strongly correlated for others [80–82]. This may be due
to temporal decoupling or override of the transcriptional level by
other levels of regulation [81]. It is therefore noteworthy that also
the results of our gene expression analyses indicate disturbance of
both serotonergic (HTR1A, HTR2A, SLC6A4, MAOA) and dopami-
nergic (DRD2, SLC6A3) systems as critical factors in the pathophy-
siology of panic disorder. The significant associations of the panic
brain pattern with the BDKRB2, COMT and CRHR1 genes, however,
point to additional involvement of sympathetic, bradykinin-
induced catecholamine regulation and stress response-
regulating cortisol systems. It is remarkable that we also found a
link to activity of TMEM132D, a candidate gene that was only
recently identified by a seminal report including a whole-genome
association study and mouse models [83]. The function of the
gene product is still unknown, but mouse models suggest that it is
most prominently expressed in neurons and colocalizes with actin
filaments, pointing to a major role in neuronal sprouting and
connectivity in brain regions implicated in anxiety-related
behavior [84, 85]. While its specificity to panic disorder in general
remains to be clarified, the synopsis of several large datasets
indicates that TMEM132D specifically contributes to genetic
susceptibility for panic disorder in individuals of European
ancestry [84]. Recent animal and human data suggest that life
events affect methylation status of TMEM132D, which in turn
mediates the relationship between life events and symtom
severity of panic disorder [86, 87]. That is, TMEM132D methylation
might be the substrate of gene × environment interactions in the
pathophysiology of panic disorder. The most striking result of our
gene association analyses, however, was that several genes
significantly contributed to explain the pattern of altered brain
activity in panic disorder, substantiating the notion of a polygenic
condition.
Identifying robust neural alterations in panic disorder is

clinically relevant for several reasons. First, these findings may
inform biomarker development for diagnosis or treatment
stratification. Second, the involvement of prefrontal and brainstem
regions aligns with targets of neuromodulation and psychother-
apy approaches that aim to enhance cognitive control and
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regulate autonomic responses. Future work could explore whether
these neural patterns predict treatment response to interventions
such as cognitive-behavioral therapy or pharmacotherapy.
Several limitations should be acknowledged. Our analyses relied

on aggregated coordinates rather than raw imaging data, which
limits the ability to account for individual variability. The included
studies employed heterogeneous tasks and imaging protocols,
which may introduce variability despite sensitivity analyses.
Clinical heterogeneity across studies—including differences in
medication status, comorbidities, illness duration, and agorapho-
bia—may contribute to variation in observed activation patterns.
Because these variables were inconsistently reported in the
original studies, we refrained from underpowered meta‑regres-
sions but provide all available moderator data in Supplementary
Table 1 for transparency. Furthermore, receptor and gene
expression maps were derived from healthy populations, and
their relevance to pathological states remains uncertain. Finally,
the neurotransmission functional characterization using meta-
analytic annotations is correlational and cannot establish causal
relationships. Future research should validate these findings in
prospective cohorts using harmonized imaging protocols and
individual-level data. Longitudinal studies could clarify whether
these neural alterations predict clinical trajectories or treatment
outcomes. Integrating multimodal data—including neuroimaging,
genetics, and behavioral measures—may help identify mechan-
istic pathways and guide precision interventions. Comparative
analyses across anxiety disorders will also be essential to
determine the specificity of these patterns to panic disorder.
Our integrative cross-modal analyses indicate that panic

disorder is associated with a consistent pattern of increased
activity in the prefrontal-hippocampus-brainstem axis. These
findings provide a robust, large-scale map of functional altera-
tions, suggest that panic disorder involves alterations across
multiple functional domains rather than a single “fear network”,
and show systematic spatial associations with serotonergic and
dopaminergic systems as well as polygenic contributions, includ-
ing TMEM132D. While these results are partly exploratory, they
establish a foundation for future research aimed at validating
these patterns, clarifying their clinical relevance, and investigating
whether they can inform biomarker development or targeted
interventions. Taken together, this work represents an important
step toward integrating functional neuroanatomy, molecular
architecture, and psychopathology in panic disorder.

DATA AVAILABILITY
Coordinates used in the meta-analyses are available from the included studies that
are referenced in the supplement. Receptor and transporter atlases are shipped with
the JuSpace Toolbox (https://github.com/juryxy/JuSpace/). Neurosynth data are
available at https://neurosynth.org/. Allen Human Brain Altas data are available from
https://human.brain-map.org. All other brain maps are available through the
neuromaps package (https://github.com/netneurolab/neuromaps/).
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