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The functional neurobiology of dispositions
towards negative emotions

M. Sicorello 1,2 , P. J. Gianaros 3, A.G.C Wright 4,5,6, B. Petre 7,
T. E. Kraynak8, S. B. Manuck3, C. Schmahl1,2 & T. D. Wager 7

People differ in their tendency to experience negative emotions. This varia-
bility is largely captured by broad psychological constructs like neuroticism,
whose facets include anxiety, depression, and stress vulnerability, among
others. The amygdala and salience network have been assumed to underlie
such dispositions, despite inconsistent evidence. We preregistered a com-
prehensive test of these and other competing hypotheses—accompanied by
theory-agnostic machine learning prediction—using neural responses in the
two most common emotional neuroimaging tasks (scenes and faces; N = 338/
424). Evidence including Bayes factors indicated that neuroticism is not
associated with any region, network, affective signature, or machine learning
pattern, including the amygdala. Still, a brain-wide machine learning pattern
robustly predicted the neuroticism facet stress vulnerability (r = .21), replicated
in an independent dataset (r = .19). Predictive performance most strongly
depended on somatomotor and visual networks, rather than salience network
regions, relating stress vulnerability to cortical perception–action systems.
Together with a multiverse analysis spanning 14 trait constructs and 1,176
models, our findings demonstrate the highly selective predictability of emo-
tional dispositions from brain responses to common affective tasks. Therein,
they highlight the importance of construct and task selection, while challen-
ging the role of themost commonly used neural markers, including responses
of the amygdala and salience network.

People differ in their tendency to experiencenegative emotions, which
is reflected in all contemporary models of human personality and
psychopathology under various labels like “negative affectivity”,
“neuroticism”, “negative affect”, and “affective instability”1–6. As a
cornerstone of dominant dimensional taxonomies for mental
disorders7–9, identifying the biological basis of negative affectivity is
crucial for refining theoretical models by providing physical counter-
parts to otherwise unobservable latent trait constructs10. This serves

the discovery of novel targets for personalized biologically oriented
interventions such as psychotropic medication, neurofeedback and
(non-)invasive brain stimulation2. Still, despite extensive theoretical
contributions and empirical research, the neurobiology underlying
negative affectivity remains largely unclear.

There are three common levels of neural targets for negative
affectivity, which differ in complexity and spatial scale: (1) Single brain
regions3,5, (2) large-scale networks based on resting-state data11, and (3)
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validated whole-brain neural signatures (Fig. 1a). Theoretical and
empirical work has mostly focused on salience-related brain regions
and networks as a potential neural basis of negative affectivity, with
emphasis on the amygdala, anterior insula, dorsal anterior cingulate
cortex (dACC), and the salience network (neural levels 1 and 2;
Fig. 1a)5,12–14.

Most of these neural targets were motivated by process-oriented
studies onnegative affective states (i.e., briefmomentary experiences),
which estimate “within-person” effects by comparing the same indi-
viduals across conditions (e.g., negative vs neutral stimuli). This lit-
erature is often taken to imply that neural systems supporting
momentary negative affective states are also core substrates of nega-
tive affective traits, that is, “between-person” differences in relatively

stable dispositions. However, cross-level inference from states to traits
is not guaranteed and can be misleading15,16. Moreover, even at the
state level, these salience-related regions and networks show only
moderate sensitivity and limited specificity for negative affective
experiences11,17–27. Together, these considerationsmotivate direct tests
of brain–trait associations, including both commonly used neural
markers of negative affective states as well as novel targets.

Concerning negative affectivity traits, several meta-analyses
reported group differences between people with affect-related men-
tal disorders and healthy controls for neural salience regions based on
differences in structural measures, resting-state functional con-
nectivity, and task-evoked responses to negative stimuli28–30. Still,
more direct meta-analyses on clearly delineated dimensional negative
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Fig. 1 | Study design and analytic workflow. Schematic illustration of the study
design. a Literature-based analyses targeting task-based fMRI responses of anato-
mical brain regions, canonical resting-state networks, and affective neural sig-
natures. The three ROIs (amygdala, anterior insula, dACC) are extracted from
different sagittal slices and projected on the same slice for visual simplicity. ROI =
region of interest, PINES = Picture Induced Negative Emotion Signature, VIFS =
Visually Induced Fear Signature. b Structure of scenes and faces task. Schematic
stimuli are shown for illustrative purposes to avoid copyright restric-
tions associated with the original image stimuli. c Whole-brain machine learning
models across three sequential analytic stages. The first two stages were

preregistered. Each stage adds modeling choices to the previous stages
(e.g., additional constructs, algorithms, or using the full data). The additional
constructs of stage 2 are strongly linked to neuroticism. “Six Sub-Facets” includes
the facets of neuroticism: depression, anxiety, stress vulnerability, anger, impul-
siveness, and self-consciousness. “Other-reports” refer to neuroticism scores pro-
videdby informants, while “Self-Other-Reports” combine thesewith traditional self-
reports (see methods section for details). PLS = Partial Least Squares Regression,
PCR = Principal Component Regression, SVR = Support Vector Regression, PCA-RF
= Principal Component Analysis with Random Forest Regression.
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affectivity traits do not confirm these findings31–36. On the one hand,
large-scale studies raised doubts concerning the general predictability
of individual differences like negative affectivity based on structural
and resting state functional neuroimaging data37,38. On the other hand,
psychological theory and evidence from momentary assessments in
daily life indicate that negative affectivity largely manifests in an
increased reactivity to stressful or threatening environments5,39–41.
Hence, it is likely that neural correlates of negative affectivity can
mainly be observed in appropriate task contexts, psychologically
aligned with the specific construct of interest1.

Besides leveraging experimental tasks, a neurobiological under-
standing of negative affectivity might be improved by using state-of-
the-art neural markers of momentary affective states. Affective neural
signatures are innovative multi-system machine learning-based brain
patterns which effectively predict specific self-reported affective
experiences during experimental tasks, robustly generalize to new
samples, have good test-retest reliability, and typically include regions
across multiple canonical networks (brain level 3, Fig. 1a)17,21,23,25,42,43.
Despite these advantages over single regions and networks, making
neural signatures the best current targets for functional brain-based
biomarkers44, affective neural signatures have rarely been applied to
explain individual differences in affective functioning. Only onemega-
analytic study showed no group differences in a clinical case-control
design for negative affectivity45. Nevertheless, a dimensional approach
covering the full spectrum of negative affectivity traits is still missing.
This entails not only a large continuous range of trait levels, from very
low to very high, but alsoa rangeof different trait constructs,whichare
often used interchangeably despite containing both shared and spe-
cific aspects of affective functioning46 (e.g., anxiety, neuroticism,
depression).

The goal of this preregistered study was to comprehensively test
how well negative affectivity is reflected by the three outlined neuro-
organizational levels—single regions, canonical resting-state networks,
and validated neural signatures (Fig. 1a)—and compare them to data-
driven machine learning models drawing on brain-wide distributed
signals. All neural measures were based on responses to negative sti-
muli in the most widely used affective fMRI task: viewing pictures of
negative faces and scenes (Fig. 1b). This mirrors the theoretical
assumption that negative affectivity results from generally heightened
neural responsivity to negative stimuli and events across contexts3,12,14

and enhances the generalizability to the majority of the task-based
fMRI literature on negative affectivity. These analyses were performed
on a large community sample (N = 338/424; Table 1) with representa-
tive variance on neuroticism based on U.S. population norms47 (for
descriptive statistics and correlations between all negative affectivity
measures, see Table 2).

First, we focused on literature-based associations between neu-
roticism and single brain regions, canonical resting-state networks,
and validated affective neural signatures, testing widespread ideas
from the current and past literature (Fig. 1a). We started with neuro-
ticism as a well-studied exemplar of negative affectivity as the main
outcome due to its strong theoretical basis, its large associations with

other negative affectivity constructs, its relevance for mental and
physical health, and its hierarchical sub-facets which allow more fine-
grained approaches4,13,48,49.

Next, we performed preregistered data-driven machine learning
analyses based on whole-brain data to derive a multivariate signature
for negative affectivity and validate it in a hold-out sample (Fig. 1c,
stage 1). Traits like neuroticism are higher-order constructs, which
possibly do not match the abstraction level of specific task-based
neural measures1. Therefore, we preregistered to first predict neuro-
ticism and, if an accuracy threshold is not surpassed, test the pre-
dictability of the six lower order facets of neuroticism before
evaluating the bestmodel in the hold-out sample (depression, anxiety,
stress vulnerability, anger, impulsiveness, self-consciousness; Fig. 1c,
stage 2). This best model was further assessed for its psychometric
properties (reliability and validity), psychological and neurobiological
interpretability, and its relation to literature-based neural measures.
These steps are crucial to provide a viable neural marker.

Lastly, we present extensive exploratory multiverse analyses50 on
the predictive accuracy of ≈1200 models across a larger set of 14
affective trait constructs as well as other design and data analytic
choices. The results are available via an interactive online app to allow
the free exploration of factors influencing the predictability of nega-
tive affectivity traits from brain data (Fig. 1c, stage 3).

In the preregistration, we hypothesized that a whole-brain pre-
dictive pattern for neuroticism would outperform region-, network-,
and signature-based models. Given the proposed importance of
aligning fMRI tasks with psychological constructs, we expected this
pattern to (1) show greater accuracy for the scenes task than the faces
task, as the lattermight be targeting emotion recognitionmore closely
than emotional experiences; (2) correlate more strongly with negative
affect thanwith positive affect or extraversion (construct validity); and
(3) primarily reflect withdrawal-related sub-facets of neuroticism,
including depression, anxiety, and stress vulnerability, as these might
be more strongly reflected by the employed tasks.

Results
Evidence against meaningful neuroticism associations with
literature-based neural measures
We first tested the association between neuroticism and neural
responses across regions, networks, and validated neural signatures
(Fig. 1a). The region approaches comprised average responses and
local machine learning patterns in three theory-derived regions
(amygdala, anterior insula, and dACC). It also included a brain-wide
“best region” approach, where the region most highly correlated to
neuroticism is identified in one half of the data and then tested in the
other half. The network approaches comprised average responses in
seven major canonical networks51 as well as linear and non-linear
combinations of network responses, based on neural network theories
of emotion52. Lastly, we included five well-validated neural signatures
targeting negative affect (PINES)21, fear (VIFS)23, and three discrete
negative emotions developed for simultaneous emotion classification
(fear, anger, sadness)53. Bayes factors were used to quantify evidence
for the absence of effects.

Overall, therewere no clear associations betweenneuroticism and
responses in any literature-based brain measure across regions,
resting-state networks, and affective neural signatures (Fig. 2). Most
confidence intervals ruled out correlations smaller than |r | = 0.20 and
even uncorrected Bayes factors mostly favored the null hypothesis
over the existenceof a true effectwith odds aboveBF01 = 10 (BF01 = null
hypothesis in the numerator; higher values are expected after multi-
plicity correction54). For precise point estimates, confidence intervals,
and Bayes factors see Table S1.

Coincidentally, we observed that task-based responses of all
seven networks were very highly correlated on a between-person level
(scenes: average r = 0.68, range = [0.48–0.84]; faces: average r =0.67,

Table 1 | Sample characteristics

Faces (N = 424) Scenes (N = 338)

Women (%) 52.1 48.8

Age (years) 42.8 ± 7.4 41.3 ± 7.1

Race (%)

White 83.5 77.7

African-American/Black 15.1 19.0

Multi-racial 1.4 1.2

School years completed 17 ± 2.8 16.6 ± 3

± indicates the standard deviation. Participant sex was based on self-reports.
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range = [0.48–0.88]). Hence, a person with larger responses in one
network also strongly tended to have larger responses in other net-
works, compared to other people. This demonstrates the extremely
limited specificity of task-related responses in these widely used net-
works for comparisons between individuals. Similar observations have
been made for distinct brain regions across a large number of
datasets55.

In sum—using Bayesian inference, confidence intervals, and cross-
validation—we found substantial evidence against meaningful
literature-based associations between neuroticism and common brain
measures on a neural level of regions, networks, and well-validated
affective signatures. Post-hoc correlations between literature-based
neural measures and all negative affectivity constructs used in the
multiverse analysis are shown in Figs. S1/S2.

Whole-brain machine learning identifies a stress vulnerability
pattern
In a first stage, twelve partial least squares (PLS) models were used to
predict neuroticism in the training sample (Fig. 1c). None of these
machine learning models had positive cross-validated correlations
with neuroticism (best model: r =0.00). In a second stage, we expan-
ded the model space to 252 models, now also including neuroticism
sub-facets and informant ratings of neuroticism as additional outcome
constructs as well as support vector regression (SVR) as an additional
algorithm (Fig. 1c). Here, the best model predicted the neuroticism
facet stress vulnerability at r = 0.21 (p =0.009; one-sided permutation
test) from the scenes task and the contrast [negative – neutral] using
SVR and image-wise centering. In the hold-out sample, this correlation
was still statistically significant (one-sided): r(100) = 0.19, p = 0.028,
ΒF10 = 2.53, 95% Confidence Intervals [−0.00, 0.37]. Thus, the whole-
brain prediction model reliably generalized to new participants, indi-
cating a robust brain–trait mapping for stress vulnerability and a first
step in determining a potential neural marker. Neuroticism, in turn,
could not be decoded from responses in the two tasks. Notably, the
detected correlation corresponds to the median correlation of meta-
analytic individual difference associations across research fields56. This
highlights that the often extremely high effect sizes from within-
person fMRI decoding might not be a suitable frame of reference to
evaluate the relevance of between-person effects. For comparisons
between predictive accuracies for different constructs and tasks see
Fig. 3a/b. The stress vulnerability pattern was further tested concern-
ing its psychological and neurobiological interpretability.

Reliability and psychological interpretation of the stress vul-
nerability pattern
A useful personalized biological measure must be both reliable and
valid. The stress vulnerability pattern showed high split-half reliability
(r =0.83, Spearman–Brown corrected), especially compared to the
amygdala response (r = 0.29). Construct validity was assessed by cor-
relating leave-one-out cross-validated predictions with trait negative
affect (convergent validity) and with trait positive affect and extra-
version (discriminant validity). Pattern–score correlations were
r =0.25 with stress vulnerability, r =0.13 with negative affect, and near
zero with positive affect (r =0.01) and extraversion (r = 0.00), provid-
ing evidence for convergent and discriminant validity (i.e., positive
correlations to related constructs and negligible correlation to con-
ceptually distinct constructs).

To facilitate the psychological interpretation of the observed
neural activation pattern, we conducted automated meta-analytic
decoding using Neurosynth57, which quantifies the association
between whole-brain activation maps and large-scale term-based
meta-analytic patterns derived from the neuroimaging literature (e.g.,
“pain”, “fear”, “motoric”). Neurosynth decoding against 50 topic maps
from 11,406 fMRI studies indicated that the stress vulnerability pattern
has the largest similarity with the broad topic “stimulation” (r = 0.26).
Hence, the neural pattern might reflect a broad, non-specific response
profile to general external stimulation that is not limited to affective or
visual processing. Similarly, spatial correlations between the stress
vulnerability pattern and the five literature-based affective signatures
were all <|r | = 0.02, indicating the stress vulnerability signature cap-
tures something distinct from momentary emotional states.

The stress vulnerability pattern is distributed across neural
systems
No voxel-wise regression weights of the stress vulnerability pattern
survived FDR correction (q = 0.05). For descriptive purposes, we
applied a lenient threshold (α =0.05, ≥50voxels) used inprior work on
the same dataset58, revealing ~13,000 significant voxels spanning 88 of
489 brain regions across all seven resting-state networks, plus brain-
stem, cerebellum, and basal ganglia (Fig. 3c; Table S2–3). Some acti-
vations slightly outside gray matter might reflect artifacts. Applying a
stricter mask removed them and marginally increased performance
(Δr = 0.01).

Removing single regions or networks with virtual lesion analyses59

did not meaningfully reduce hold-out performance, with the largest

Table 2 | Descriptive statistics for measures of negative affectivity

Construct M SD 1 2 3 4 5 6 7 8 9 10 11 12 13

1. Neuroticism 75.5 21.7

2. N1: Anxiety 13.7 5.2 0.81

3. N2: Hostility 12.0 5.0 0.74 0.52

4. N3: Depression 11.5 5.6 0.84 0.63 0.54

5. N4: Self-Consciousness 13.8 4.5 0.71 0.55 0.36 0.55

6. N5: Impulsiveness 15.4 4.6 0.59 0.34 0.39 0.35 0.25

7. N6: Stress Vulnerability 9.1 4 0.80 0.6 0.51 0.67 0.52 0.37

8. N: Other-Report 16.2 9.1 0.42 0.36 0.37 0.36 0.27 0.19 0.34

9. Negative Affect 15.8 5.3 0.62 0.53 0.45 0.62 0.38 0.30 0.48 0.29

10. STAI 32.5 8.4 0.71 0.58 0.49 0.71 0.47 0.30 0.63 0.39 0.59

11. BDI 4.2 4.4 0.44 0.31 0.32 0.50 0.26 0.23 0.36 0.33 0.45 0.62

12. Positive Affect 34.5 6.5 −0.33 −0.21 −0.22 −0.32 −0.28 −0.12 −0.37 −0.13 −0.11 −0.37 −0.29

13. Extraversion 115 19.5 −0.33 −0.23 −0.18 −0.31 −0.39 −0.04 −0.36 −0.11 −0.21 −0.30 −0.17 0.49

14. Task-Ratings 2.4 0.7 0.03 0.10 −0.03 −0.01 0.12 −0.07 0.03 −0.02 0.02 −0.03 −0.10 −0.02 0.09

Task-Ratings = Person-wise average difference for affective task ratings between negative and neutral scenes.
STAI State-Trait Anxiety Inventory (trait scores), BDI Beck Depression Inventory.

Article https://doi.org/10.1038/s41467-026-74565-0

Nature Communications |         (2026) 17:5622 4

www.nature.com/naturecommunications


performance drop of Δr = 0.05/0.04 for the somatomotor and visual
network, respectively Fig. 3d. This indicates that stress vulnerability
prediction depended mainly on distributed rather than localized
information, with highest emphasis on perception-action-related
rather than typical affective networks.

Image centering indicates limited literature-based neural asso-
ciations with stress vulnerability
Based on predictive success for the stress vulnerability facet in the
scenes task, we explored associations with literature-based neural
targets using the same facet, contrast, and task. There was a small
significant correlation between stress vulnerability and amygdala
responses (uncorrected), in agreement with common theories, but
only when images were centered, as in the corresponding machine

learning model (Fig. 4). Centering removes individual differences in
whole-brain responses, whichmight be amajor confound, as indicated
by the extremely high inter-network correlations we observed. For
neuroticism, centering did not lead to a significant correlation with
amygdala responses, further supporting the absenceof a signal for this
broad construct in the used tasks (r(336) = 0.08, 95% Confidence
Intervals = [−0.02, 0.19], ΒF01 = 6.47, p =0.111). A comprehensive
depiction of correlations between literature-based neural measures
and all negative affectivity constructs used in the multiverse analyses
are shown in Figs. S1/S2 with respect to centering choice.

In contrast, dACC reactivity was associated with lower stress vul-
nerability, contrary to the theory-guided direction, and was not
affected by centering. Similar results were seen for the dorsal atten-
tion, frontoparietal, and default mode network. This robustness to
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Fig. 2 | Associations between neuroticism and literature-based neural mea-
sures. Pearson’s correlations between neuroticism and individual differences in
brain measures for the scenes task (N = 338; red estimates) and faces task (N = 424;
blue estimates) across three neural levels: (a) Regions, (b) networks, and (c) vali-
datedmultivariate neural signatures. Error bars represent 95% confidence intervals.
For region sub-models, “pattern” refers to machine learning models limited to
these regions, with estimates shown for the hold-out sample (NScenes = 102;
NFaces = 101). For the best region approach, hollow circles indicate the point esti-
mates for the region with the largest effect size in the split-half discovery sample
(NScenes = 169; NFaces = 212). The estimates with error bars indicate results for the
split-half validation sample (NScenes = 169; NFaces = 212). For the network approach,

the variance explained by the multiple regression was tested for significance with
an overall F-test (uncorrected), while the random forest was evaluated with one-
sided tests for significant cross-validated correlations between predicted and
actual values basedonapermutation test (uncorrected; 1000 iterations).While two
single network confidence intervals excluded 0 in the faces task, both did not
survive the preregistered correction for 7 network tests; Limbic: uncorrected
p =0.013, Holm-adjusted p =0.094; Somatomotor: uncorrected p =0.023, Holm-
adjusted p =0.141. For exact estimates see Table S1. dACC = dorsal anterior cin-
gulate cortex, PINES = Picture Induced Negative Emotion Signature, VIFS = Visually
Induced Fear Signature.
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centering was not explained by higher correlations of global signal
responses with the three networks and the dACC. Rather, this lack of
change is an algebraically plausible case given the covariance structure
between stress vulnerability, global signal responses, and the four
uncentered neural measures. Global signal responsiveness was overall
slightly negatively correlated with stress vulnerability, speaking
against it being due to higher arousal in people with higher stress
vulnerability (r(336) = −0.08, 95% Confidence Intervals = [−0.19, 0.02],
p =0.123). Lastly, there was increased reactivity of the sadness pattern
in participants with higher stress vulnerability. Overall, this represents

post-hoc evidence that some region-, network-, or signature-based
measures might still warrant focused investigation for specific trait
facets, especially with certain preprocessing choices like the removal
of whole-brain responses.

Predictability of dynamic affective states
We tested how the predictability of individual differences in negative
affective traits compares to the predictability of negative affective
states based on dynamic self-reports collected during the scenes task.
Using the same procedure as for the stress vulnerability pattern, the

a) Neuro�cism facets b) Self- and other-reports

c) Vulnerability pa�ern d) Virtual lesions

Fig. 3 | Machine learning prediction of neuroticism facets. a Cross-validated
correlations in the training data as a function of neuroticism facet and task (18
models per boxplot; estimates for the scenes task are shown in red, estimates for
the faces task are shown in blue). b Same outcome as a function of self-reports vs
reports of close informants vs the combinationof both (36models per boxplot; see
methods section). Includes accuracies from all preregistered models. Boxes
represent data within the first and third quartile around the median. Whiskers
represent the largest observation within 1.5 times the interquartile range, as is
standard for boxplots. c Significant regression weights for the stress vulnerability
pattern in the training data (N = 236) after correction at α = .05 and minimum

cluster size of 50 (positive weights in red, negative weights in blue). d Correlations
between brain pattern and hold-out data (N = 102) after removing single regions
and networks. The dashed red line indicates the significance threshold at α =0.05
for a one-sided test. “Sparse mask” represents the performance of the full model
after applying a more conservative gray matter mask, which decreases the occur-
rence of artifactual voxels but also has a higher probability to miss relevant voxels.
Brain regions are shown in red; large-scale networks are shown in blue. dACC =
dorsal anterior cingulate cortex, aInsula = anterior insula, v/dAttention = ventral/
dorsal attention network.
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cross-validated within-person correlations averaged r =0.88 (SD =
0.14; see supplemental methods). This means that when analyzing
data from the same individual across different time points or condi-
tions, predictive brain patterns can exhibit a strong, consistent rela-
tionship with their momentary self-reported affect (Fig. S3). Such high
within-person correlations replicate previous findings on this dataset21

(r = 0.85) and highlight the predictive gap between within-person and
between-person prediction of affective constructs. Specifically, while
neural patterns can robustly track fluctuations in an individual’s
affective states over time, predicting stable individual differences (i.e.,
between-person effects) is substantially more challenging (r ≤0.30;
see next section). As Fig. S3 shows, this might be due to participants
having considerably different offsets in their average global brain
responses regardless of stimulus intensity.

Exploratory multiverse analysis
We extended the range of trait constructs and preprocessing choices
formachine learningmodels to amore extensivemultiverse analysis of
1176 models to inform the predictability of negative affectivity traits
more broadly (see Fig. 1c for all included modeling choices). Figure 5
shows the cross-validated correlations of allmodels, separately for the
different constructs serving as outcomes. Qualitatively, three impor-
tant observations can be made. Firstly, most neuroticism facets had
predominantly positive cross-validated correlations, indicating a sig-
nal in the data, except for impulsiveness (Fig. 5a). Secondly, stress
vulnerability had the strongest associations among neuroticism facets
in a large range of models, supporting the results of the preregistered
analyses. Thirdly, a comparison of different negative affectivity traits
largely conforms to a face validity gradient (Fig. 5b): The highest cor-
relations were achieved for average task-based affective ratings, fol-
lowed by negative affective dispositions (STAI, neuroticism other-
reports, and neuroticism-self-reports), while positive affect had the
lowest correlations, with depressive symptoms in between.

A random forest regression on design factors explained 22% var-
iance in the size of correlations. The most important design factors
were construct choice and task choice, as confirmed by a variance
decomposition (Fig. 6). The scenes task provided overall better results
than the faces task, potentially as it relates more closely to the
experience rather than perception of emotion in others. This confirms
that the two common fMRI tasks do not contain information on any
trait, but thatmatching tasks and constructs is essential. Moreover, we
found that PLS, PCR, and SVR worked similarly well, with worse per-
formance for random forest regression. The observation that

centering choice had only a minor effect on accuracy likely indicates
that these three algorithms implicitly account for global signal con-
founding. This is demonstrated in Figs. S4/S5. Furthermore, using the
full sample improved performance, supporting that higher accuracy
might be achievedwith still larger samples. Lastly, in post-hoc analyses
we observed that the predictionof stress vulnerabilitywasbetterwhen
using only highly intense trials (rating = 5, r =0.05) than moderately
intense trials (rating = 3, r =0.00), although both models were well-
below the results for averaging all trials. This might point towards the
relevance of both the number of trials and the intensity of stimuli.

As there are a large number of design factor combinations which
might be of interest for closer inspection, we provide an online
application with an accessible point-and-click user interface to inter-
actively explore these results: https://msicorello.shinyapps.io/
ndesignshinyapp/.

Discussion
Negative affectivity is a key dimension of psychopathology, general
well-being, and personality, yet its neural basis remains elusive. Here,
we conducted one of the most comprehensive investigations to date
into the functional neurobiology of negative affectivity, combining
preregistered and exploratory analyses across the two most widely
used affective fMRI tasks and a broad range of trait constructs.

Large parts of the fMRI literature have treated a context-general
hyperresponsiveness to negative stimuli in putative affective networks
as neural markers of negative affectivity. Our findings instead support
a construct–assay alignment principle: robust brain–trait associations
emerge when the experimental task selectively engages the relevant
neural computations for a specific affective construct. This was most
clearly demonstrated by the machine learning multiverse analysis,
which indicated construct and task choice as the most important fac-
tors influencing the ability to decode complex traits from neural
responses. Construct decodability followed a face validity gradient
from more task-related constructs (e.g., task-evoked ratings, stress
vulnerability) to relatively task-unrelated constructs (e.g., BDI, positive
affect). Together with the preregistered and independently validated
detection of a neural signature for stress vulnerability, these findings
highlight a concrete path forward in a research field that has been
confronted with severe challenges in producing robust and mean-
ingful effects37,60–62: A more precise construct delineation and aligned
task selection.

The idea of a context-general neural hyperresponsiveness to
negative stimuli has been particularly influential for biological theories
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of neuroticism, a major domain of personality and dimensional psy-
chopathology. The amygdala and salience network, but also anterior
insula and dACC, have been core targets to explain this broad variant
of negative affectivity5,12,13. In comprehensive theory-guided pre-
registered analyses, we found considerable evidence against these
assumptions, supported by Bayes factors. Neither responses in
regions, canonical resting-state networks, validated affective neural
signatures, or data-driven machine learning models showed mean-
ingful associations with neuroticism. Hence, our results speak against
the widespread idea of a context-general amygdala hyper-
responsiveness to negative stimuli underlying neuroticism and
against simple psychological interpretations of person-specific
responsivity in these regions and networks. This finding has implica-
tions for clinical research, due to (1) the fact that the two tasks we
studied are frequently used as indicators of negative affectivity and (2)
the strong overlap between neuroticism, negative affectivity in the
DSM-5, and negative valence systemmeasures of the ResearchDomain
Criteria4.

In contrast to broad neuroticism, stress vulnerability was robustly
predictable from task-evoked brain responses and replicated out-of-
sample. Virtual lesion analyses indicated that prediction relied most
strongly on visual and somatomotor systems, consistent with a dis-
tributed perception–action profile rather than localized “affective
hotspot” reactivity. In line with this, the pattern showed little depen-
dence on canonical affective regions or networks and was largely
orthogonal to validated neural signatures of momentary affect, sug-
gesting that it does not primarily indicate affect intensity. This agrees
with the observation that task-based affective reports were unrelated
to all negative affectivity constructs (Table 2), as previously observed
for clinical negative affectivity35. Instead, converging evidence impli-
cates the occipital visual cortex in encoding emotionally diagnostic
stimulus information and somatomotor systems in embodied, action-
oriented representations of emotional meaning42,63–66. Together, these
findings are consistent with the possibility that individuals high versus
low in stress vulnerability differ less in core affective feelings elicited
by non-personalized laboratory stimuli than in how they construe and
prepare to respond to aversive events—i.e., in the perception- and
action-related relevance assigned to negative scenes. Such individual

differences in affective conceptualizations might be more general-
izable across experimental tasks, while an additional contribution of
other regions could still emerge if personally relevant stressors are
ascribed meaning67.

The stress vulnerability signature also shows promise as a candi-
date neural marker. Besides replication in the hold-out sample, it
exhibited good split-half reliability and evidence for construct validity.
Predictive accuracy was modest (cross-validated r ≈0.20), but this
magnitude is consistent with the median correlational effects
observed in individual-differences research56, which provides a realis-
tic expectation for transmodal brain–questionnaire associations.

Our preregisteredmachine learning analyses highlight that not all
facets of negative affectivity are equally decodable from negative
affective scenes and faces. Anticipating that these tasks are less related
to more approach-oriented sub-facets of neuroticism (impulsiveness,
angry hostility), we preregistered the qualitative expectation of higher
decodability for withdrawal-related facets (stress vulnerability,
depression, anxiety, self-consciousness). Still, the multiverse analysis
showed only a predictive advantage of stress vulnerability, not the
remaining withdrawal-facets, which was also only apparent for the
scenes task. This is plausible as the psychological definition of stress
vulnerability mirrors the scenes task: How individuals respond to
negative events. In contrast, depression ismore focused on prolonged
affective states and anxiety on the anticipation of threat. Therefore,
qualitatively different tasks might better target those facets, like
ruminative state switching68 and threat-of-shock69, respectively. We
nevertheless focused on negative scenes and face viewing because
they are the most widely used affective fMRI tasks and are often
treated as broadly applicable probes of ‘general’ negative responsivity,
consistent with biological theories of negative affectivity3,12,14,35. Using
these canonical tasks therefore provides a stringent and maximally
field-relevant test of the context-generality assumption, which still
underlies current large-scale studies70. At the same time, our findings
do not exclude that other tasks could yield more accurate predictions
of negative affectivity facets or even broad neuroticism. Identifying
robust facet-selective task contexts remains an open methodological
need for the field1,71,72. Importantly, one possibility is that broad nega-
tive affectivity is “the sum” of facet-specific mechanisms that are each
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most visible in different, facet-selective task contexts. If so, higher-
order traits like neuroticismmay only yield coherent neural correlates
when aggregating across a battery of such tasks, also clarifying which
psychological constructs have a consistent neurobiological
counterpart.

Importantly, the null findings for canonical affective systems do
not invalidate their role in dynamic affective states, as they reliably
respond to the tasks employed in the present study21,23,73. Rather, their
explanatory capability for negative affectivity traits is subject to sci-
entific boundary conditions, comprising the discussed assumption of
relative context-generality across tasks and an appropriate analytical
strategy. In that regard, we found that individual differences in global
signal responses might confound associations with single regions. We
made similar observations in a parallel emotion regulation consortium
across datasets, further emphasizing the generalizability of this
methodological issue55. Specific machine learning algorithms like
partial least squares implicitly remove such effects, further supporting
their predictive superiority. After controlling global signal effects
within exploratory analyses, amygdala responses in the scenes task
were related to stress vulnerability with a small effect size, but unre-
lated to neuroticism as well as most other negative affectivity con-
structs in exploratory analyses. Similar positive associations were
observed for the affective sadness signature. A potential explanation
might be that pictures of threatening events (e.g., peoplewithwounds)
elicit emotions related to sadness rather than fear, when viewed in a
safe laboratory environment. In contrast, several regions and networks
showed stable negative associationswith stress vulnerability, including
the dACC, dorsal attention, frontoparietal, and default mode network.
Especially the dACC finding is contrary to the theoretical assumption
of higher salience-related responsiveness people with high negative
affectivity. In principle, lower dACC, dorsal attention, and frontopar-
ietal network recruitment could indicate deficits in externally-oriented

executive function accompaniedwith sustained stimulus engagement,
as indicated by lower default mode network deactivation. Still, region
and network labels are coarse descriptors and each network supports
multiple computations with context-dependent engagement.

Two limitations should be noted. Firstly, although our predictive
model for stress vulnerability replicated in a hold-out sample, its
generalizability to other designs and populations remains to be tested.
Especially for clinical samples phenomena like trait dissociation can be
important confounds, interfering with neuro-affective reactivity74.
While our sample exhibited a representative range of neuroticism
scores47, future studies may benefit from oversampling participants
with clinically elevated affective problems. For such efforts, we openly
provide the stress vulnerability pattern in our online repository. Sec-
ondly, there might be physiological confounds which improved the
predictive utility of our pattern. On the one hand, such confounds are
not easily controlled, as there is a complex bi-directional relation
between neural andphysiological data (e.g., heart rate increases due to
affect-related neural processing, but can also contribute to noise in the
fMRIBOLD signal). On the other hand, itmight still be of interest to test
the incremental value of our pattern above peripheral physiological
measures in future studies.

Together, these findings yield several concrete recommendations
for future research on the neurobiology of negative affectivity: (a)
tasks should be explicitly designed for specific psychological con-
structs; (b) distributed whole-brain patterns offer more robust pre-
dictive power than region-focused models; (c) preprocessing
strategies should address global signal biases; (d) realistic maximal
effect size expectations for trait prediction shouldbe anchored around
r = .20–.30; and (e) samples should cover the full dimensional spec-
trum of trait variation.

In conclusion, our results challenge thedominant assumption that
broad negative affectivity—especially neuroticism—maps onto a
context-general hyperresponsiveness of canonical “affective” regions
and networks during negative face and scene viewing. Instead, they
support a construct–assay alignment principle: reliable brain–trait
associations emergewhen tasks elicit computations that closelymatch
the psychological content of the target construct. Within this frame-
work, stress vulnerability—but not neuroticism—showed replicable,
distributed whole-brain predictability, pointing to individual differ-
ences in the conceptual perception–action relevance assigned to
aversive events rather than generalized affective intensity. More
broadly, these findings might suggest that progress in the neurobiol-
ogyof negative affectivitywill depend lesson simply increasing sample
size with generic affective tasks, and more on tighter construct deli-
neation, process-selective task batteries, and analytical pipelines that
address global signal biases while maintaining realistic expectations
for trait-level effect sizes.

Methods
The timestamped preregistration (October 2020) of aims, hypotheses,
and statistical analyses aswell asdata, analysis code, and trainedmodel
patterns can be downloaded via: https://github.com/
MaurizioSicorello/NeuroSquare_repo/blob/main/
Preregistration.docx.

Participants
The data comprised baseline assessments from up to 424 participants
from the Adult Health and Behavior project (phase 2; AHAB-2) and the
Pittsburgh Imaging Project (PIP). Therefore, this Methods section
partially overlaps with details from previous publications (especially
one study58, which used identical MRI preprocessing). All 424 partici-
pants provided data for the faces task, while only a subset of 338
participants provided data for the scenes task. Sample characteristics
are provided in Table 1. Given the universality of the tested theories,
and the absenceof a strong theoretical basis for sex- or gender-specific
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hypotheses, no such hypotheses were preregistered and no sex- or
gender-stratified analyses were conducted. All participants provided
informed consent. Participants were compensated $350.00 in AHAB-2
and $175.00 in PIP for completing all protocol visits. The University of
Pittsburgh Human Research Protection Office granted approval for
AHAB-2 (Protocol ID: 07040037) and PIP (07110287), as well as their
aggregation to create a common data registry (19030174).

Psychological measures
Neuroticism and extraversion were measured with self-reports from
the full NEO-PI-R75, and “other-reports” from up to two close infor-
mants in AHAB-2 using the NEO-FFI47 (spouses/partners, first-degree
relatives, close friends and co-workers). Positive and negative affect
weremeasured using the Positive andNegative Affect Schedule76. Trait
Anxiety was measured with the State-Trait Anxiety Inventory77.
Dimensional depression severity was measured with the Beck
Depression Inventory78. Individual differences in task-based respon-
sivity to negative stimuli were measured as the person-wise average
difference in self-reported momentary affect between negative and
neutral experimental trials, based on a single-item 5-point Likert scale
(see task description for further information). Descriptive statistics
and correlations are shown in Table 2. Themain outcome, neuroticism,
has an estimated internal consistency of r = 0.93 and test-retest relia-
bility over three months of r = 0.79 (Costa & McCrae, 1992). Internal
consistency of subfacets is slightly lower around r = 0.80.

Experimental tasks
Schematics of task structures are depicted in Fig. 1b for both tasks.

Scenes task. Subgroups of AHAB-2 and PIP participants completed an
affective processing and responding task, which has been detailed
previously79. Participants saw 30 unpleasant and 15 neutral IAPS
images80. Participants were first trained and then instructed to (i)
‘Look’ and attend to images or (ii) ‘Decrease’ and change their thinking
about the image to feel less negative. Trials were comprised of a 2 s cue
(‘Look’ or ‘Decrease’), followed by a 7 s IAPS image presentation. After
image viewing, participants rated their emotional state (‘How
negative do you feel?’) on a 5-point Likert-type scale in a 4 s rating
period (1 = neutral, 5 = strongly negative). A variable (1–3 s) rest period
followed each rating period. The entire task duration was 11min and
16 s (15 ‘Look neutral’ trials; 15 ‘Look negative’ trials; 15 ‘Decrease
negative’ trials). Images were presented such that no more than two
identical trial types (‘Look negative’ or ‘Decrease negative’) were con-
secutive and no more than four unpleasant images were consecutive.
Given the focus of this report (and for comparability to the facial
expression tasks involving the passive viewing of affective stimuli),
only ‘Look neutral’ and ‘Look negative’ trials were analyzed.
Across AHAB-2 and PIP, unpleasant images for ‘Look negative’ trials
overlapped by 87% (13/15 shared images) and neutral images by 13%
(2/15 shared images). E-Prime software (Psychology Software Tools,
Sharpsburg, PA) was used to present stimuli and record behavioral
responses in both the faces and scenes tasks (for a list of image stimuli,
see ref. 58).

Faces task. In this task, participants completed four blocks of a facial
expression-matching-to-sample condition, which was interleaved with
five blocks of a shape-matching (sensorimotor) control condition. In
the facial expressionmatching condition, participants saw three same-
sex faces in an array for each trial, all expressing either fear or anger.
Participants chose one of the two faces at bottom that was identical to
a center target at top. Each block consisted of six trials (three fear,
three anger; three all-male, three all-female), and each trial lasted for
4 s (1.5, 3.5 and 5.5 s variable inter-trial interval; ITI). All images were in
black and white and were drawn from the Pictures of Facial Affect
(PFA) stimulus set81. In the control condition, participants also

matched-to-sample but instead used images of circles, vertical ellipses
and horizontal ellipses. Each trio of shapes was shown for 4 s with a 2 s
ITI. The total task length was 6min and 36 seconds, including 6 s for
initial magnetic equilibration. Similar tasks have been used frequently
in the study of emotion processing and psychopathology, including
the large-scale UK Biobank and ABCD studies82,83.

MRI data acquisition and analysis
Functional blood-oxygen-level-dependent (BOLD) images from AHAB-
2 and PIP participants were collected on the same 3 Tesla Trio TIM
whole-body scanner (Siemens, Erlangen, Germany), equipped with a
12-channel head coil. Further details on data acquisition and
pre-processing can be found in the supplements. Univariate general
linear models (GLMs) were estimated to compute condition or event
contrast maps that were later used for prediction analysis. Stimulus
time series were convolved with the default hemodynamic response
function in SPM12. For the facial expression matching task,
these regressors modeled blocks of face- and shape-matching
conditions using boxcar functions. For the scenes task, these regres-
sors modeled events of the trial (i.e., cue, picture, rating period, rest).
Each GLM additionally included six motion regressors of no interest
and a high-pass temporal filter (128 s) to correct for low frequency
drift. Groupmean contrasts were estimated using restrictedmaximum
likelihood, as implemented in the RobustWLS toolbox, v4.084. These
included the ‘Faces vs Shapes’ contrast for the facial expression-
matching tasks and ‘Look negative vs Look neutral’ contrast for the
scenes task.

Data exclusion
Oneparticipant in the faces taskwas amultivariate outlier according to
Bonferroni-Holm-corrected Mahalanobis distance and therefore
excluded from analyses on that task. The sample size reported
throughout this manuscript reflects the effective (i.e., final)
sample size.

Statistical analysis
Power analysis of hold-out samples. A hold-out sample ofN = 102 for
the scenes task and of N = 101 for the faces task was drawn for the
evaluation ofmachine learningmodels. Training and hold-out samples
were stratified for neuroticism using the caret package in R (v4.3.2) to
make the two subsamples comparable. The discrepancy of one parti-
cipant was due to the different number of participants for the two
tasks and rounding in the stratification procedure. This sample has a
power of 0.90 to detect a true correlation between pattern and neu-
roticismof r ≈0.30 in a one-tailed test, which is at the 75%percentile of
questionnaire-behavior correlations in individual difference
research56.

Literature-based approaches. For the literature-based approaches,
neural activity was assessed in the contrasts for negative vs neutral
scenes and negative faces vs shapes. An overview of models is illu-
strated in Fig. 1a.

Regions. Multiple atlases were used to parcellate the brain into 489
anatomic regions taken from the canlab toolbox85,86. From these,
masks for the amygdala, anterior insula, and dACC were built. We
conducted three region-based tests, which vary in complexity. First,
correlations between average signal in these regions and neuroticism
scores was calculated on the full data, separately for the two hemi-
spheres and Bonferroni-Holm corrected for six tests. Secondly,
we predicted neuroticism scores from voxel-wise activity in each
region in the training sample using cross-validated partial least squares
regression and evaluated performance in the hold-out sample. We
used the same procedure as described in themachine learning section
below. This was done to account for the fact that using only the
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average signal of these regions might be too coarse. Thirdly, we
extended our analysis to regions beyond the three main regions. We
split the sample in half, stratified for neuroticism, picked the region
with the strongest correlation in the first half and tested its correlation
in the second half.

Networks. A canonical network parcellation was used to extract the
average task-based responses in seven resting state networks51: Limbic,
Ventral Attention (Salience Network), Dorsal Attention, Fronto-Par-
ietal, Default-Mode, Visual, and Somatomotor. Again, we used three
different approaches, which differ in complexity. First, we correlated
this signal with neuroticism in the full sample to test the simple
hypothesis that one of these networks predominantly underlies
negative affectivity, correcting for seven tests using the Bonferroni-
Holmprocedure (the preregistration stated an incorrect correction for
eight tests). Then,wepredictedneuroticism fromaverage activity in all
seven networks using multiple regression to test whether neuroticism
is represented by a linear combination of network activities. Last, we
repeated this predictive model with random forest regression to allow
for non-linear effects and interactions betweennetworks. For the latter
model, performance was evaluated using the out-of-bag samples (a
form of cross-validation) and a permutation test with 1000 random
permutations of neuroticism scores.

Signatures. We calculated the neural expression of five well-validated
neural signatures for negative affect (PINES)21, fear (VIFS)23, and three
discrete negative emotions53 by taking the dot product of model
weights and person-wise functional images. The VIFS was published
after our preregistrationand, therefore, addedpost-hoc.Moreover,we
preregistered an analysis combining the three discrete emotions into
one factor score for “neural negative affect”, before assessing them
separately, but their intercorrelations were too low to make this a
sensible approach (all r <.12). A Bonferroni-Holm correction for three
tests was preregistered for the discrete emotion patterns, but a cor-
rection for five tests is also sensible.

Data-driven machine learning models. The general preregistered
strategy was to (1) split the data into a training and a hold-out sample,
(2) predict neuroticism from different models in the training sample
using nested cross-validation, (3) retrain the best model on the entire
trainingdataset, and (4) assess performance in thehold-out sample. An
overview of all modeling choices can be found in Fig. 1c. Machine
learning analyses were performed using the CanlabCore Toolbox86

with Matlab R2023b.
In step 1, the hold-out sample was set aside with the procedure

described in the power analysis section.
In step 2, we predicted neuroticism in the training sample using

Partial Least Squares regression from a small set of 12 “first stage”
models (Fig. 1c) with different combinations of task choice (scenes vs
faces), baseline choice (neutral scenes or shapes vs implicit baseline),
and image-wise scaling choice (z-scoring vs centering vs no scaling). All
whole-brainmachine learningmodels were conducted after applying a
graymatter mask and z-standardizing voxel-wise values on the sample
mean and standard deviation of that voxel. As other studies will have
different voxel-wise statistics, predictions from ourmodel will have an
offset and can only serve as a correlate of trait measures, rather than
predicting exact numeric values. Repeated nested cross-validation
(2 × 5 × 5) was used to calculate cross-validated correlations between
pattern predictions and outcome scores, with five inner folds for
hyperparameter tuning, five outer folds formodel evaluation, and two
repeats for stability. Pearson’s correlationswereused as aperformance
metric, as the aim was to train a pattern for scale-independent corre-
lates of negative affectivity, which can be used across different studies
with different scanning parameters or different questionnaires. We
preregistered that if the best-fitting model reaches p <0.05 (one-

tailed) in a permutation test, the model is accepted and will be vali-
dated in the hold-out sample, again with a one-tailed p < .05 and sup-
plemented with a Bayes factor with default low-informative half-
cauchy priors for one-sided tests from the Bayes factor package in R87.
One-tailed tests were used, as only positive correlations indicate suc-
cessful prediction. If this criterion was not fulfilled, we preregistered a
plan to move on to a larger set of 252 “second stage”models (Fig. 1c),
comprising several choices of constructs (neuroticism and its six
facets) and algorithms (Partial Least Squares [PLS], Principal Compo-
nent Regression [PCR], and Support Vector Regression [SVR]).We also
preregistered the inspection of self- and other-based ratings, as well as
their combination. For further information on hyper-parameter esti-
mation and model evaluation see the supplements. The machine
learning procedure was tested with a simulated dataset of N = 100 and
20 predictive features, implemented as a “test mode” in the main
script.

Exploratorymultiverse analysis. In a post-hocmultiverse analysis, we
calculated a larger set of 1176 “third stage”models (Fig. 1c) to assess the
effect of different negative affectivity traits and modeling choices on
predictive accuracy. Additional constructs included negative affect,
positive affect, STAI scores, BDI scores, other-reports for neuroticism,
and task-based affective self-ratings collected during the scenes task
(person-wise averaged for the negative minus neutral condition).
Other modeling choices included using the full data (training plus
hold-out) to assess the effects of sample size and using random forest
regression as an algorithm which accommodates nonlinear and inter-
action effects. For random forest regression, principal component
analysis was used to reduce the feature space to the number of parti-
cipants in the training data.

The impact of design choices was assessed by predicting brain-
outcome-correlations from design factors using random forest
regression with 1000 bagged trees (2 × 5 = 10 correlations per model).
The relevance of single design predictors was quantified with
permutation-based variable importance. These analyses were con-
ducted with the cforest package in R. Moreover, we performed a var-
iancedecomposition to quantifywhich design factor is associatedwith
the largest differences in cross-validated correlations. These analyses
were only performed with descriptive rather than inferential statistics,
as the latter might be incorrect due to complex dependencies in the
data88.

As this number of models was already very large and computa-
tionally intensive, we omitted the additional preregistered choices of
image-type (beta-map versus t-map), construct modeling (sum scores
versus factor scores), and the neuroticism spectra withdrawal and
volatility in all analyses, as we believed these choices to have little
impact on performance (beta-images and t-images are highly corre-
lated, all information of neuroticism spectra is contained in the more
fine-grained facets, and factor scores, in contrast to latently modeled
variables, also contain measurement error and are extremely highly
correlated with sum scores89,90).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Deidentified psychological assessment data and neuroimaging data
can be accessed, respectively, via https://github.com/
MaurizioSicorello/NeuroSquare_repo91 and https://identifiers.org/
neurovault.collection:5802.

Code availability
Custom code is available on: https://github.com/MaurizioSicorello/
NeuroSquare_repo91.
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