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Takotsubo Syndrome – Predictable 
from brain imaging data
Carina Klein1, Thierry Hiestand2, Jelena-Rima Ghadri2, Christian Templin2, Lutz Jäncke1,3,4,5,6 & 
Jürgen Hänggi  1

Takotsubo syndrome (TTS) is characterized by acute left ventricular dysfunction, with a hospital-
mortality rate similar to acute coronary syndrome (ACS). However, the aetiology of TTS is still unknown. 
In the present study, a multivariate pattern analysis using machine learning with multimodal magnetic 
resonance imaging (MRI) data of the human brain of TTS patients and age- and gender-matched healthy 
control subjects was performed. We found consistent structural and functional alterations in TTS 
patients compared to the control group. In particular, anatomical and neurophysiological measures 
from brain regions constituting the emotional-autonomic control system contributed to a prediction 
accuracy of more than 82%. Thus, our findings demonstrate homogeneous neuronal alterations in TTS 
patients and substantiate the importance of the concept of a brain-heart interaction in TTS.

“Give sorrow words; the grief that does not speak
Whispers the o’er-fraught heart and bids it break”
(William Shakespeare, MacBeth, Act IV, Scene III, lines 245–246)

More than a quarter of a century after its first description in 19901, TTS is still a largely unknown disease2. Given 
that external stressors are a unique feature that provoke a TTS event, it is conceivable that TTS is triggered by 
neuronal alterations in the limbic system, presuming an emotional hypersensitivity or disturbed emotional pro-
cessing in these patients. In fact, first studies provide insights into neuronal alterations in brain regions consti-
tuting the limbic and the central autonomic nervous system3, 4. Research in the field of neuroimaging and TTS is 
rather sparse and limited to studies applying hypotheses-driven mass-univariate statistics3, 4. However, with this 
statistical approach it is not possible to draw conclusions about whether patients with TTS show homogeneous 
neural alterations, i.e. alterations that are consistently observable across all patients. Thus, in contrast to this clas-
sical mass-univariate statistical analyses of neuroimaging data, here, we apply a multivariate pattern analysis in 
a machine learning framework. This approach offers the advantage of delineating regularities of anatomical and 
neurophysiological measures. These regularities are then used to discriminate between different conditions or, as 
here, subject groups. Thereby, it also provides information about the consistency of the statistical pattern across 
the single subjects5. Therefore, the aim of the present study was to identify predictors for the presence of TTS 
based on different modalities of MRI data.

Results
Regarding diffusion-based parameters, our results delivered an accuracy of 82% (p = 0.002) with a sensitivity 
of 93% (p = 0.001) and a specificity of 71% (p = 0.06) for fractional anisotropy (FA), a measure of white mat-
ter (WM) integrity. WM fibre density showed an accuracy of 75% (p = 0.026), a sensitivity of 79% (p = 0.023), 
and a specificity of 71% (p = 0.074), whereby both parahippocampal gyri, both amygdalae, both paracentral 
lobuli, left hippocampus, and right posterior cingulate cortex showed highest predictive power (for details, see 
Supplementary Table S3 and Fig. 1). Axial, radial, and mean diffusivity did not discriminate between groups. 
Analysis of resting state functional magnetic resonance imaging (rsfMRI) measures, such as the fractional 
amplitude of low frequency fluctuations (fALFF) showed an accuracy of 75% (p = 0.009), a sensitivity of 81% 
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(p = 0.009), and a specificity of 69% (p = 0.061). Regional homogeneity (ReHo) and ALFF discriminated less 
accurately; both had accuracies of 72% (ReHo p = 0.015; ALFF p = 0.021), sensitivities of 75% (ReHo p = 0.015; 
ALFF p = 0.017), and specificities of 69% (ReHo p = 0.046; ALFF p = 0.017). In this context, the bilateral para-
hippocampal gyri, paracentral lobuli, superior parietal lobuli, and left insula showed the highest predictive values 
(for details, see Supplementary Table S4). Voxel-based morphometry (VBM)-derived local WM volume showed 
an accuracy of 63% (p = 0.088), a sensitivity of 74% (p = 0.023), and a specificity of 53% (p = 0.432) with the left 
precentral gyrus, both paracentral lobuli, bilateral supplementary motor areas, inferior temporal gyri, and supe-
rior parietal lobe as the strongest predictive regions. In contrast, VBM-derived local gray matter (GM) volume 
did not predict group membership (for details, see Supplementary Table S5). Figure 1 shows the brain regions 
with the highest weights derived from FA, the best predictive brain measure for group classifications (based on 
accuracy).

The respective distribution and the receiver operating characteristic (ROC) curve of the group classification 
is depicted in Fig. 2 (for details regarding all MRI modalities see Supplementary Table S2). Multi-kernel learning 
analyses across all measures from one MRI-modality and an analysis across all measures from all modalities (dif-
fusion tensor imaging (DTI), VBM, and rsfMRI) revealed comparable sensitivity, specificity and accuracy values, 
being however below the best value of the single measures (DTI-all: accuracy: 79%, p = 0.01; sensitivity: 79%, 
p = 0.14; specificity: 79%, p = 0.26; VBM-all: accuracy: 58%, p = 0.15; sensitivity: 58%, p = 0.55; specificity: 58%, 
p = 0.48; rsfMRI all: accuracy: 78%, p = 0.01; sensitivity: 81%, p = 0.24; specificity: 75%, p = 0.27; all modalities: 
accuracy: 71%, p = 0.04; sensitivity: 67%, p = 0.32; specificity: 75%, p = 0.36).

Discussion
We show for the first time that TTS patients demonstrate specific homogeneous anatomical and neurophysio-
logical features in brain regions mainly responsible for controlling heart functions6 and emotional processing by 
applying a multivariate pattern analysis approach based on machine learning7, 8. The identified brain regions are 
also core domains of a network controlling emotions, cognitive, and sensorimotor functions. Most importantly, 
several of these areas form the “central part” of the autonomic nervous system controlling cardiovascular func-
tions via the sympathetic and parasympathetic nervous systems7. Brain regions which are most strongly involved 
in the modulation of the sympathetic nervous system were the supplementary motor area, left paracentral gyrus, 
left superior parietal lobe, putamen and hippocampus, while the right precentral gyrus, precuneus, and medial 
temporal gyrus drive activations of the parasympathetic system. Brain areas regulating both divisions were the left 
amygdala, angular gyrus, and left insula7.

Recently, Templin and colleagues have demonstrated that the prevalence of psychiatric comorbidities such 
as depression, fear, anxiety, and stress is substantially increased in TTS patients2. In fact, patients afflicted with 
depression and/or anxiety demonstrate functional and structural adaptations in most of the brain regions, which 
we found to be predictive for the presence of TTS. In this context, a core area of the identified TTS-specific 

Figure 1. Model weights (colour bar) obtained with the support vector machine algorithm displayed for the 
brain regions with the highest weights for group classification based on FA (averaged across all cross-validation 
folds): Left parahippocampal gyrus (A), left paracentral lobe (B), left amygdala (C), right paracentral lobe (D), 
left hippocampus (E), left (F) and right (G) supplementary motor areal, right precentral gyrus (H), left fusiform 
gyrus (I), and right parahippocampal gyrus (J).
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network, the amygdala, is known to be strongly involved in cardiac control and also plays a pivotal role in fear 
conditioning9, mental3 and posttraumatic stress10, depression11 as well as anxiety disorders12. However, since the 
examined TTS patients in the present study did not show differences in anxiety, depression, or stress symptoms 
compared to the controls, our results do not seem to be driven by the presence of possible psychiatric disorders. 
The insula, which, among others, plays a role in the control of the spontaneous baroreflex is a further core region 
that we identified to be specific for TTS6. Strokes or seizures in the insula or amygdala can lead to severe cardiac 
arrhythmias and other autonomic dysfunctional manifestations13.

Although we found specific anatomical and neurophysiological features in the above-mentioned brain areas 
in TTS patients, it is currently not clear how these features are related to cardiac dysfunction. Based on the lit-
erature, several direct and/or indirect effects from these brain regions on the cardiac system can be suggested. 
Patients suffering from depressive disorders show an impaired neuronal norepinephrine reuptake from the syn-
aptic cleft14. This in turn might lead to prolonged sympathetic neural signalling and subsequently to an excessive 
catecholamine release resulting in myocardial stunning and contractile dysfunction15. Based on these and further 
findings, it has been proposed that an impaired control of the spontaneous sympathetic baroreflex (mediated via 
the insula) might contribute to the pathogenesis of TTS16. Since we also identified various brain regions involved 
in the parasympathetic control of heart functioning to be predictive for the presence of TTS, we speculate that an 
impaired mutual interference of the parasympathetic and sympathetic nervous system could also be an underly-
ing cause of TTS. Thus, the consequence could be a parasympathetic discharge alongside a sole impairment of the 
baroreflex control of sympathetic activity.

Besides the insula and the amygdala, we also identified orbitofrontal areas substantially contributing to our 
classification results. Previously, it has been shown that these areas have an impact on cardiovascular functions via 
a tonic inhibition of the amygdala, thereby down-regulating the sympatho-excitatory neurons in the medulla17, 18.  
As summarized by Beissner and colleagues7, the brain regions involved in the control of vegetative functions 
also play a crucial role in executive and salience processing, and are to a certain extent part of the default-mode 
network. Interestingly, in this context, a currently published rsfMRI study showed increased connectivity of areas 
in the precuneus and decreased connectivity in the ventromedial prefrontal cortex of TTS patients compared to 
healthy controls, indicating an increased involvement of the default mode network in TTS4. Given that the TTS 
patients of that study reported enhanced anxiety levels and often experienced negative affects, Sabiz and col-
leagues suggested that this increased focus on internal and self-regulation processes might reflect an inefficient 
emotion regulation mechanism in the patients4.

As stated above, one of the parasympathetic brain regions predictive for TTS is the angular gyrus. The angular 
gyrus is often described as a convergence zone integrating and binding information into a multimodal system19. 
Structurally it is connected to other brain areas that we found being predictive for TTS, such as the middle and 
inferior temporal regions via the middle longitudinal20, 21 and the arcuate fasciculus22. It is also connected with 
the precuneus and the superior frontal gyrus via the occipito-frontal fasciculus23 and with the hippocampus24 and 
parahippocampal gyrus25 via the inferior longitudinal fascicle. On the functional level, the angular gyrus has been 
reported to be involved in the default-mode network26–28, theory-of-mind27, 29, in task-free semantic and concep-
tual processes30 as well as in conflict resolution31. Due to the diversity of brain functions in which the angular 
gyrus is involved in, it is difficult to define its underlying role in TTS. However, the control of parasympathetic 
activity, information integration and (emotional) conflict resolution seems convincing.

Besides an increased prevalence for anxiodepressive disorders and stress, Templin and colleagues have also 
shown that rates of neurologic or psychiatric disorders were higher in a substantial number of TTS patients 
(55.8%) compared to ACS patients (25.7%)2. This raises the question whether brain alterations involved in the 
pathophysiology of TTS are only present during the acute phase, or perhaps pre- or post-existent. In this context, 

Figure 2. Prediction values (A) and the Receiver Operating Characteristic (ROC) curve (B) of group 
classification based on FA (averaged across all folds).
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literature suggests that a history of neurological and psychiatric disorders might induce functional and structural 
changes within the brain leading to sympathetic hyperactivation, excessive catecholamine release and subse-
quently TTS3, 4, 16. Therefore, pre-existing alterations of the respective brain areas might serve as a potential risk 
factor for TTS.

Conclusion and Limitations
Our results reveal that brain regions that are primarily involved in cardiac control and emotional processing are 
homogeneously altered across TTS patients compared to healthy age- and gender-matched controls. This finding 
underscores an important role of the brain-heart axis in TTS. Furthermore, given the fact that we identified brain 
regions to be predictive for TTS that are involved in the control of both the parasympathetic and the sympathetic 
nervous system, this may suggest a parasympathetic discharge or an impaired interference of these two systems 
in TTS, rather than only a sympathetic hyperactivity. In addition, our findings lead us to conclude that functional 
as well as structural MRI measures are promising candidates for the classification of TTS patients. Based on the 
ROC-AUC (area under curve) values, DTI (all, FA, and density) and rsfMRI are the most promising MRI meas-
ures for identifying TTS patients and distinguishing them from healthy controls. We acknowledge constraints 
about the generalizability of our findings since the TTS patient cohort is relatively small. However, given a TTS 
prevalence of 2–3% of patients with suspected acute coronary syndromes32, 33 the number of TTS patients in the 
present study is nevertheless moderately large enough for a single centre neuroimaging study using MRI. To 
provide a deeper understanding about the exact role of the limbic system and the autonomous nervous system in 
the development of TTS, further prospective studies are required investigating for example acute TTS patients or 
applying a longitudinal study design.

Materials and Methods
Subjects. Twenty TTS female patients (diagnosed after the Mayo Clinic criteria; mean age = 65.32 years, 
standard deviation, SD = 14.26 years) selected from the International Takotsubo Registry (www.takotsubo-reg-
istry.com) of the leading hospital and 19 healthy control women (derived from the l-HAB (longitudinal healthy 
aging brain) database34 of the International Normal Aging and Plasticity Imaging Center (INAPIC) of the 
University of Zurich (mean age = 67.42 years, SD = 14.15 years)) matched by sex, age (t(36) = −0.46, p = 0.65), 
handedness35 and the score of the mini mental state (MMSE; t(36) = −1.12, p = 0.27)36 examination, participated 
in the study. The majority of the participants of the l-HAB database were recruited at the “Seniorenuniversität”, 
a university program for interested and motivated elderly (www.seniorenuni.uzh.ch). The median of the time 
between the TTS event and the acquisition of the MRI scans was 168 days (SD = 266.74 days; minimum = 56 
days, maximum = 885 days in between; 25th percentile = 116 days, 75th percentile = 536 days). Levels of anx-
iety and depression were evaluated using the hospital anxiety and depression scale (HADS; anxiety t(33) = 0.78, 
p = 0.44; depression t(33) = −0.43, p = 0.67)37. For detailed information on behavioural, demographic and clinical 
parameters, see Table 1. None of the participants reported any history of head injuries, neurosurgery, current 
drug or alcohol abuse or contraindications to MRI. Nineteen patients and 19 control subjects entered data anal-
ysis of the T1-weighted images (one patient was excluded because of incidental brain anomalies) and 14 patients 
and 14 healthy controls entered data analysis of the diffusion-weighted images (five patients were unable to finish 
the diffusion-weighted sequence or the images contained excessive MRI-related motion artefacts). Resting state 
functional MRI data were analysed for 16 TTS patients and 16 healthy controls (three patients were unable to 
finish the resting state functional MRI sequence). Written informed consent was obtained from all participants 
prior to the study enrolment. The present study was approved by and all applied methods are in accordance 
with the local ethics committee (“Kantonale Ethikkommission Zürich”; www.kek.zh.ch) and has been conducted 
accordingly to the principles expressed in the declaration of Helsinki.

Magnetic resonance imaging data acquisition. The technical details of the magnetic resonance imag-
ing sequences can be found in the Supplementary Methods.

Data preprocessing for voxel-based morphometry. We used VBM38, 39 to investigate local GM, WM, 
and cerebrospinal fluid (CSF) volume. The computational anatomy toolbox (CAT12, release 825, http://dbm.
neuro.uni-jena.de/cat12/) was applied using the statistical parametric mapping (SPM12, release 6470, http://www.
fil.ion.ucl.ac.uk/spm/) software running in MATLAB (release 2013b; http://www.mathworks.com/). CAT12 is the 
new name for the further-developed VBM12 toolbox. Default parameters were used except for the voxel resolu-
tion that was set to 1 × 1 × 1 mm3. VBM preprocessing includes bias field correction, tissue class segmentation, 
spatial normalisation, Jacobian determinant modulation, and smoothing with a Gaussian kernel of full-width at 
half maximum (FWHM) of 8 mm. These maps were then subjected to multivariate statistical analyses (see below).

Preprocessing of diffusion tensor imaging data. Preprocessing of the diffusion-weighted MRI data 
was performed with FSL tools (FMRIB software library; version 5.0.6; http://www.fmrib.ox.ac.uk/fsl/)40 such as 
the FDT (FMRIB diffusion toolbox; version 3.0)41 and tract-based spatial statistics (TBSS)42. For deterministic 
fibre tractography we used the Diffusion Toolkit (DTK, version 0.6.2.1) and TrackVis software (version 0.5.2.1; 
http://trackvis.org/)43.

Head motion parameters of the DTI data have been extracted and compared between groups (see 
Supplementary Methods).

To construct fractional anisotropy, mean, axial, and radial diffusivity maps as well as white matter fibre density 
maps, the following fully automated preprocessing steps were realized: 1) In a first step, a binary brain mask was 
created using FSL’s brain extraction tool (BET). This mask was used in later steps to exclude non-brain tissue. 
2) Eddy current distortions and head movements were corrected using the EDDY_CORRECT tool of FDT. 3) 
Diffusion gradients were adjusted for rotations introduced by the eddy current and head movement corrections. 
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4) The preprocessed DTI data were then subjected to TBSS as well as the DTK to compute voxel-wise diffusion 
tensors and to construct the (principal) eigenvector and eigenvalue maps as well as a map of fractional anisotropy, 
mean, axial, and radial diffusivity, respectively. 5) These diffusivity maps were then spatially normalized using 
TBSS routines and the non-skeletonized version of these maps were smoothed with a FWHM Gaussian kernel of 
8 mm and subjected to multivariate statistical analyses (see below). The further steps applied to the DTI data to 
obtain fiber density maps are described in the Supplementary Methods.

Preprocessing of resting state functional MRI data. Functional MRI data were preprocessed accord-
ing to standard procedures with the DPARSFA toolbox (version 3.1, as implemented in DPABI toolbox version 
1.2, rfmri.org/dpabi) using the functions of statistical parametric mapping software (SPM8, fil.ion.ucl.ac.uk/spm/
software/spm8/). Preprocessing consisted of the following steps: 1) Coregistration of the T1-weighted image onto 
the functional images, 2) slice timing correction, 3) realignment combined with the extraction of the frame-wise 
displacement parameters according work by Power and colleagues44 for later comparison of head motion param-
eters between groups, 4) estimation of linear and non-linear spatial transformations of the T1-weighted MRI 
image using the unified segmentation approach as implemented in SPM8, 5) application of estimated transforma-
tions onto the functional images, 6) voxel re-sampling to 2 × 2 × 2 mm3, 7) smoothing with a Gaussian kernel of 
4 mm full width at half maximum, 8) filtering to reduce physiological noise (frequencies 0.01 < f < 0.1 Hz passed 
the filter) and 9) regressing out the variance of nine nuisance covariates, i.e. the six parameters from head motion 
correction (three translation and three rotation parameters) as well as the global mean signal, white matter signal, 
and cerebrospinal fluid signal. Although there is an ongoing dispute about whether regressing out the global 
mean signal in rsfMRI data analyses is beneficial or affects data detrimentally45, we applied global mean signal 
regression because it has also be shown that the global mean signal regression is very effective in controlling 
movement-related artefacts in functional connectivity measures44, 46.

Specific parameters for regional homogeneity (ReHo) were extracted before smoothing47. ReHo is a measure 
of functional connectivity in a voxel-by-voxel manner through the calculation of Kendall’s W (or coefficient of 
concordance (KCC)) assessing temporal functional connectivity correlations in a given voxel with those of its 
nearest neighbours48. Larger ReHo values indicate higher regional synchronization and can inform about func-
tional homogeneity within brain regions with heterogeneous functional properties.

In contrast to ReHo, amplitude of low frequency fluctuations (ALFF; integrating the square root of a power 
spectrum in the low frequency range) and fractional ALFF (fALFF; the ratio of the low-frequent power spectrum 
between 0.01 and 0.08 Hz to that of the entire frequency range between 0 and 0.25 Hz)49 investigates local brain 
signal variability in the frequency domain by calculating low frequency power of the single voxels50.

The Fisher’s z-transformed ReHo, ALFF, and fALFF maps were smoothed by additionally 4 mm FWHM 
(resulting in total 8 mm smoothing) and then subjected to multivariate statistical analyses (see below).

Statistical analyses. Group differences regarding clinical and demographic characteristics (see Table 1), 
global brain measures (Supplementary Table S1) were evaluated using student’s t-tests for independent samples 

Characteristic TTS (n = 19) Control (n = 19) p-value

Age (years, n = 38) 65.32 ± 14.26 67.42 ± 14.15 0.65

Female sex no. (%) 19 (100) 19 (100)

Handedness (frequency: right\/left) 17/2 17/2

Time between TTS and MRI (days, median) 168 ± 266.74

MMSE (max. 30, n = 38) 28.74 ± 2.08 29.32 ± 0.89 0.27

HADS anxiety (max. 21, n = 35) 5.29 ± 3.92 4.39 ± 2.93 0.44

HADS depression (max. 21, n = 35) 3.47 ± 4.05 3.00 ± 2.22 0.67

Chestpain no. (%) 13 (68.4)

Dyspnea no. (%) 11 (57.9)

High-sensitivity troponin T (ng/mL, n = 14) 0.40 ± 0.22

Creatine kinase (IU/L) 240.8 ± 199.9

NT-proBNP (pg/mL, n = 15) 8,113.0 ± 9,739.0

ST-segment changes (no. %, n = 18) 8 (44.4)

Heart rate (beats/min, n = 17) 74.6 ± 13.9

Systolic blood pressure (mmHg, n = 17) 123.2 ± 25.3

Left ventricular ejection fraction (%)* 44.9 ± 13.8

Left ventricular end diastolic pressure (mmHg, n = 14)) 23.7 ± 4.1

Coronary artery disease (no. %, n = 17) 4 (23.5)

Recurrence of TTS no. (%) 4 (21.1)

Table 1. Demographic, clinical and behavioural characteristics. Characteristics were compared between 
groups using two-sample t-Tests. Plus-minus values are means ± standard deviation. Abbreviations: HADS, 
Hospital anxiety and depression scale; MMSE, mini mental state examination; max., maximum; n, number of 
subjects. *Data regarding the left ventricular ejection fraction were obtained either during catheterization or 
echocardiography. If both results were available, data obtained during catheterization are reported.
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and conducted with the IBM SPSS Statistics software (version 22, http://www-01.ibm.com/software/analytics/
spss/products/statistics/).

For multivariate statistics, a support vector machine adopted from the field of machine learning algorithms 
has been applied. We used the Pattern Recognition for Neuroimaging data Toolbox (PRoNTo, http://www.mlnl.
cs.ucl.ac.uk/pronto/)5 for classifying groups.

Within PRoNTo, we used the standard mask provided by the tool as a first-level mask for all classifications. For 
constructing the feature sets, no additional mask was applied. We used hyperparameter optimisation in the range 
between 0.001 and 1,000 in steps of 10 and a leave-one-subject-out (LOSO) cross-validation scheme was applied. 
For deriving p-values of the accuracy, sensitivity, and specificity, 1,000 nonparametric permutations of the group 
label were performed for the single modalities measures. Due to computational efficiency reasons, permutations 
of the group label were performed using only 100 permutations each for model estimation including all single 
parameters per modality as well as for model estimation across all measures of all modalities (i.e. all DTI, rsfMRI 
and VBM measures included in one model; see Supplementary Table S2).

Data availability. The datasets generated during and/or analysed during the current study are available from 
the corresponding author on reasonable request.
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