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C O G N I T I V E  N E U R O S C I E N C E

Stress disrupts hippocampal integration of overlapping 
events and memory inference in humans
Kai A. Schüren1, Nicole L. Varga2, Hendrik Heinbockel1, Alison R. Preston2,3,4,  
Benno Roozendaal5,6, Lars Schwabe1*

Integrating related events in memory is essential for building knowledge that extends beyond direct observation 
and enables flexible inference. Here, we show that acute stress impairs inference by both reducing the degree to 
which past memories are reactivated during new learning and leading to their differentiation, rather than integra-
tion, in hippocampus. Adults learned A-B associations on day 1 and underwent a stress or control manipulation 
before learning overlapping B-C associations on day 2, with A-C inference tested thereafter. We demonstrate that 
stress reduces hippocampal reactivation of A elements during B-C learning, and lower reactivation was directly 
correlated with impaired A-C inference. Representational similarity analysis revealed that stress increases neural 
dissimilarity between overlapping A and C elements in the hippocampus, indicating pattern differentiation and a 
representation as discrete events. Our findings demonstrate that acute stress hampers a key memory integration 
mechanism, with broad implications for educational, legal, and clinical settings.

INTRODUCTION
Human memory is remarkably flexible, allowing us to maintain an 
up-to-date and coherent model of our environment. A key feature of 
this flexibility is the ability to integrate distinct experiences that share 
overlapping elements, forming structured knowledge representations 
that allow inferring novel relationships (1–3). For instance, if a friend 
shows you their new, light blue Vespa, and you later see the same 
scooter parked outside the university library, you might infer that your 
friend is studying inside. This ability to link related memories—a pro-
cess referred to as memory integration and known to depend on the 
hippocampus (4, 5)—is a fundamental cognitive mechanism that sup-
ports memory inference based on shared information (6, 7). Beyond 
its fundamental relevance for cognition in general, the accuracy of 
memory integration has important implications for several applied 
contexts. In legal settings, the impaired integration of overlapping 
memories can lead to false inferences and wrongful accusations (8). In 
education, building cohesive memory structures by combining related 
information underpins conceptual understanding and predicts long-
term academic outcome (1, 9). Furthermore, mnemonic integration is 
highly relevant to mental health, as impairments in linking related ex-
periences are characteristic of several psychiatric disorders, such as 
psychosis (10, 11) and anxiety disorders (12, 13). Thus, understanding 
the factors that influence our capacity to link memories is crucial.

Acute stress is a potent modulator of memory (14–16), with sub-
stantial implications for both educational and mental health out-
comes (17–20). Decades of research have shown that acute stress can 
enhance memory consolidation while impairing memory retrieval, 
and both of these effects appeared to be particularly pronounced for 
emotionally arousing material (21–24). While most research on stress 
and memory has focused on consolidation and retrieval processes, 

initial evidence suggests that acute stress may also influence mem-
ory flexibility (25–27). Brain regions that are critical for memory 
integration—especially the hippocampus (4, 28)—have a particularly 
high density of receptors for stress mediators such as glucocorticoids 
and norepinephrine (29, 30). Through the action of these stress me-
diators, stress can disrupt hippocampal processing (14, 31) and hence 
interfere with hippocampal reactivation of overlapping memory con-
tent during new learning and updating mechanisms that promote 
integration. However, it remains unknown whether stress affects the 
integration of events that share overlapping elements, allowing infer-
ences about relationships between events that have not been experi-
enced together, and if so, which neural mechanisms underlie such 
stress-induced changes in mnemonic integration.

In this preregistered study, we tested the hypothesis that acute 
psychosocial stress before learning of overlapping mnemonic content 
affects the ability to integrate memories and, consequently, memory-
based inference. Using repeated functional magnetic resonance 
imaging (fMRI) combined with multivariate decoding and represen-
tational similarity analysis (RSA), we further sought to elucidate the 
neural mechanisms underlying stress effects on memory integration 
in the human brain. To this end, we used an associative inference task 
probing memory integration (32). In this task, healthy participants 
first learned A-B image associations (e.g., a friend and a light blue 
Vespa) on day 1. On the following day, they underwent either a psy-
chosocial stressor [Trier Social Stress Test (TSST); (33)] or a control 
manipulation immediately before encoding B-C image associations 
(e.g., the same Vespa and the university library), thus testing whether 
stress may interfere with A element reactivation during B-C encod-
ing. Approximately 1 hour later, we assessed participants’ inference 
ability by testing A-C associations (e.g., friend and library). Given that 
stress effects on memory are typically stronger for emotionally salient 
material (21, 22, 34), A images were drawn from emotionally arous-
ing (e.g., fear or threat related) or neutral categories, and emotional 
valence was rated by the participants at the end of the experiment. We 
predicted that acute stress before B-C learning would impair mne-
monic integration and inference. This impairment could potentially 
stem from difficulties retrieving A-B and B-C pairs, which we there-
fore evaluated following the A-C inference test.

1Department of Cognitive Psychology, Universität Hamburg, Hamburg, Germany. 
2Department of Neuroscience, University of Texas at Austin, Austin, TX 78712, USA. 
3Center for Learning and Memory, University of Texas at Austin, Austin, TX 78712, 
USA. 4Department of Psychology, University of Texas at Austin, Austin, TX 78712, 
USA. 5Department of Medical Neuroscience, Radboud University Medical Cen-
ter, Nijmegen, Netherlands. 6Donders Institute for Brain, Cognition and Behaviour, 
Radboud University, Nijmegen, Netherlands.
*Corresponding author. Email: lars.​schwabe@​uni-hamburg.​de

Copyright © 2026 The 
Authors, some rights 
reserved; exclusive 
licensee American 
Association for the 
Advancement of 
Science. No claim to 
original U.S. 
Government Works. 
Distributed under a 
Creative Commons 
Attribution 
NonCommercial 
License 4.0 (CC BY-NC). 

D
ow

nloaded from
 https://w

w
w

.science.org on M
ay 22, 2026

mailto:lars.​schwabe@​uni-hamburg.​de
http://crossmark.crossref.org/dialog/?doi=10.1126%2Fsciadv.aea5496&domain=pdf&date_stamp=2026-05-22


Schüren et al., Sci. Adv. 12, eaea5496 (2026)     22 May 2026

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

2 of 14

However, we assumed that a mere stress-induced retrieval deficit 
would not fully account for the predicted inference impairment. In-
stead, we proposed that stress would affect how new experiences are 
organized relative to prior, related memories. Specifically, we hypoth-
esized that stress would disrupt reactivation of A elements during B-C 
learning, thereby hindering the integration of A, B, and C elements 
into a coherent memory trace. To test this hypothesis, A stimuli were 
drawn from two categories (i.e., faces and scenes) that are known to 
have distinct neural underpinnings (35, 36). We trained a classifier on 
a separate task to identify these category-specific neural signatures 
and applied it to the B-C learning phase to quantify A element reacti-
vation. In addition, we considered a complementary mechanism in-
volving pattern integration or differentiation processes reflected in 
representational changes of individual memory elements A and C, 
which shared an overlapping association (B). To assess this, we pre-
sented all A and C stimuli individually on day 1 (preexposure) and 
again on day 2 (postexposure). Increases in representational similarity 
after learning would indicate memory integration, whereas decreases 
in representational similarity would point to memory differentiation 
[or repulsion; (2, 3, 32)]. This analysis of neural A and C element rep-
resentations provides also important insights into how acute stress 
affects memory, either by increasing integration, thus leading to over-
generalization, or by decreasing it, thus reducing memory flexibility. 
By combining measures of representational change and memory re-
activation, our experimental design extends our understanding of 
how stress influences the neural organization of overlapping events.

RESULTS
To unravel the impact of acute stress on memory integration of over-
lapping events and the underlying neural mechanisms, 121 healthy 
participants completed an associative inference task (32) within a 

2-day fMRI design (Fig. 1). On day 1, participants completed a cate-
gory localizer and afterward an item-level preexposure task in the 
MRI scanner, in which they saw all stimuli that were subsequently 
used as A and C elements. Thereafter, they learned 24 A-B associa-
tions as part of the associative inference task outside the scanner. On 
day 2, ~24 hours later, participants underwent either the TSST—a 
mock job interview widely regarded as a gold standard in experimen-
tal stress research (33)—or a control manipulation, immediately be-
fore learning 24 B-C associations that overlapped with previously 
learned A-B pairs and 12 nonoverlapping X-Y associations. They 
then completed a postexposure task, assessing learning-related rep-
resentational changes of A and C elements, and a surprise A-C infer-
ence test inside the scanner. At the end of the experiment, participants 
rated the emotionality of the stimuli used in the task.

Successful A-B learning in the stress and the control group
During the A-B encoding task on day 1, participants were repeatedly 
presented 24 A-B image pairs across four runs. Immediate associative 
memory of these image pairs was tested in a three-alternative forced 
choice (3AFC) test after each of the runs. In these test trials, partici-
pants had to choose the one of three displayed B images that has pre-
viously been paired with the cued A image. Because previous research 
suggested that emotional material would be particularly sensitive to 
stress effects, we manipulated the emotionality of the A image to be 
neutral or negative. Participants’ valence ratings confirmed that neg-
ative images were rated as significantly more negative [F(1, 117) = 
1001.55, P < 0.001, η2G = 0.750] and more arousing [F(1, 117) = 
324.58, P < 0.001, η2G = 0.520] than neutral ones. Notably, while we 
selected images to be emotionally neutral or negative, participants’ rat-
ings revealed that some of the images were experienced as emotionally 
positive, in particular neutral images (range of mean ratings across 
participants: 3.85 to 9.03; for negative images: 2 to 5.7). However, 

Fig. 1. Experimental procedure. Day 1 of the experiment included a category localizer task and an item-level preexposure task in which the A (negative and neutral faces) and C 
class stimuli (negative and neutral scenes) that would appear in the associative inference task were presented inside the MRI scanner. Afterward, participants completed the A-B 
encoding (24 image pairs) and test phase of the associative inference task outside of the MRI scanner. Approximately 24 hours later, day 2 started with a psychosocial stressor or a 
control manipulation. Afterward, participants underwent the B-C encoding phase (24 B-C pairs and 12 X-Y pairs), a postexposure task, and an A-C inference test inside the MRI scan-
ner. Last, participants rated the valence and arousal of the images featured in the associative inference task. Face stimuli from the FACES database (66) with informed consent. Scene 
images from the Nencki Affective Picture System (NAPS) (67). Object stimuli generated in MATLAB as per (32). Animal photographs were taken by the first author. Individuals de-
picted in the TSST photo provided written informed consent for publication of their images. MRI graphic created in BioRender. K. Schüren (2026) https://BioRender.com/qh5mioz.
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groups did not differ in emotional valence ratings [F(1, 117) = 0.025, 
P = 0.874, η2G < 0.001; see figs. S1 and S2].

Figure 2A shows the memory performance for both groups, de-
pending on the emotionality (negative versus neutral) of the involved 
A elements. Results suggest that both the stress and the control groups 
significantly improved across the four learning runs [main effect run: 
F(1.55, 181.73) = 189.5, P < 0.001, η2 = 0.327] and achieved strong 
memory of the A-B associations at the end of the learning session. 
There were no main or interaction effects including the factor group, 
suggesting that participants that were exposed to the stressor on the 
subsequent day and those exposed to the control manipulation the 
next day learned the A-B pair associations equally well (all F < 1.16, 
all P > 0.783). The emotionality of the A-B pairs had also no signifi-
cant effect on memory performance (main effect emotionality and 
emotionality × run interaction: both F < 2.34, both P > 0.129). Notably, 
reaction times in the A-B test trials were slightly slower in the stress 
group relative to the control group (see Supplementary Text).

Successful stress induction
On day 2, immediately before learning the B-C image pairs, partici-
pants were exposed to either a psychosocial stressor (TSST) or a con-
trol manipulation. Analyses of the subjective mood ratings revealed 
that participants’ mood and calmness decreased after exposure to 

the TSST but not after the control manipulation [group × time inter-
action: good mood versus bad mood: F(3, 228) = 3.06, P = 0.029, 
η2 = 0.014; calmness versus restlessness: F(2.62, 202.08) = 8.04, 
P < 0.001, η2 = 0.043; and wakefulness versus tiredness: F(2.66, 
191.79) = 0.27, P = 0.821, η2 = 0.002; Fig. 3A and table S1]. In addi-
tion, participants of the stress group rated the experimental manipu-
lation as significantly more stressful, difficult, and unpleasant than 
controls (all t < −4.77, all P < 0.001; table S2).

At the physiological level, systolic and diastolic blood pressure as 
well as heart rate increased in response to the TSST but not in re-
sponse to the control manipulation (time × group interactions: all 
F > 16.22, all P < 0.001, all η2 > 0.039). As shown in Fig. 3 (C to E), 
these autonomic measures were significantly elevated in the stress 
relative to the control group during the experimental manipulation 
[~8 min after stressor onset; all t(115) > −4.62, all Pcorr. < 0.001] 
and for systolic and diastolic blood pressure also immediately after 
the manipulation [~20 min after stressor onset; all t(116) < −2.80, 
all Pcorr. < 0.024]. Groups did not differ in these measures at base-
line nor later after the TSST and control manipulation, respectively 
(~25 min after stressor onset; all t > −0.74, all P > 0.356).

Last, also salivary cortisol increased in the stress group but not in 
the control group [time × group interaction: F(3.09, 333.2) = 6.32, 
P < 0.001, η2 = 0.022]. Figure 3F shows that there was a marked 

Fig. 2. Stress and perceived image valence impair associative inference. (A) Participants of the stress group and participants of the control group did not differ in A-B 
pair memory across the four learning runs on day 1 nor (B) in the four B-C pair learning runs on day 2. (C) Stress impaired inference, depending on the subjective valence 
of the corresponding A images. Ratings range from 1 (very negative) to 10 (very positive). (D) A-B memory performance on day 2 was enhanced for more negatively rated 
A-B pairs but not significantly affected by stress. Error bars represent SEM. The β and P values refer to the group × valence interaction.
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decrease in cortisol levels across the day 2 session, which is expected 
given the known diurnal rhythm of cortisol (37). However, while cor-
tisol concentrations decreased sharply in the control group [mean 
baseline-to-peak increase (BPi) = −1.47 nM], there was even an 
increase from before to after the TSST in the stress group (mean 
BPi = 1.34 nM).

Stress leaves B-C learning unaffected
As for the A-B learning task, recognition memory for the B-C image 
pairs was tested at the end of each of the four learning runs. Perfor-
mance increased significantly across runs [F(2.23, 258.51) = 77.39, 
P < 0.001, η2 = 0.176], especially between run 1 and run 2 as can be 
seen in Fig. 2B. Both the stress and control groups learned the B-C 
pairs very well, without group differences [all F < 1.81, all P > 0.181, 
all η2 < 0.002; see Fig. 2B], providing evidence that stress did not 
affect the memory of overlapping B-C pairs. Learning of new X-Y 
pairs was also not affected by stress [all F < 0.74, all P > 0.109, all 
η2 < 0.004]. Reaction times during the B-C test trials were similar 
for both groups (see Supplementary Text). The absence of stress ef-
fects on B-C learning might be related to the high level of perfor-
mance, which may have been facilitated by the familiarity with the 
associative encoding procedure or the overlapping B element.

Stress impairs inference depending on perceived A 
element emotionality
Participants’ associative inference accuracy was assessed in a surprise 
A-C test approximately 1 hour after the end of the B-C encoding task. 
In this A-C test, participants had to infer the correct association be-
tween A and C images that were indirectly related via the correspond-
ing B image. To test whether A-C inference was influenced by the 

stress manipulation and the emotionality of A images, we conducted 
general linear mixed model (GLMM) analyses. The model with the 
best fit included the predictor group (stress versus control), emotion-
ality (negative versus neutral), subjective valence ratings on trial level, 
and day 2 A-B as well as B-C pair memory performance on trial level. 
In addition, two-way interactions of all predictors were included 
in the model. While the model showed no main effect of group 
(β = 0.317, P = 0.249; fig. S4), we observed a significant interaction 
between group and valence (β = −0.099, P = 0.029). As shown in 
Fig. 2C, inference accuracy was higher in control participants for as-
sociations that contained A elements that were subjectively experi-
enced as emotionally positive (slope of valence for control group: 
β = 0.103, P = 0.012), in line with previous findings suggesting that 
positive emotion facilitates associative learning (38, 39). Individuals 
that underwent the stress manipulation, however, showed no such 
modulation of inference accuracy by valence (slope of valence for the 
stress group: β = 0.004, P = 0.918) and performed particularly worse 
than the control group when inferences involved A elements that were 
rated as emotionally positive. The model included also A-B and B-C 
memory performance, thus the stress-related change in inference can-
not be attributed to a mere impairment in memory retrieval. Arousal 
ratings for A class stimuli did not predict associative inference ac-
curacy (main effect arousal and arousal × group interaction: both 
P > 0.314, both |β| < 0.045). Neither was inference accuracy significant-
ly predicted by saliva cortisol BPi (main effect cortisol and cortisol × 
group interaction: both P > 0.512, both |β| < 0.226), suggesting that 
cortisol alone may not account for the observed stress effects and that 
other stress-related mediators likely contribute to the stress-related 
inference impairment. Last, reaction times in A-C inference test trials 
were comparable between groups (see Supplementary Text).

Fig. 3. Successful stress induction. (A) Participants in the stress group rated their mood to be less calm immediately after completion of the TSST (+20 min) compared 
to the control group (higher scores reflect a calmer mood). (B) The level of stress, difficulty, and unpleasantness experienced in the stress group during the TSST was sig-
nificantly higher than in the control group. (C) Heart rate measured as beats per minute (bpm) increased in the stress group during the stress manipulation. (D and E) El-
evated systolic and diastolic blood pressure during and after the TSST. (F) Increased cortisol response 25 min after the onset of the stress manipulation. Error bars 
represent SEM. *P < 0.05 and ***P < 0.001.
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Beyond the test of A-C inference, we also assessed day 2 A-B and 
B-C retrieval performance. We ran GLMMs on A-B pair memory 
performance including the same predictors as for the A-C inference 
analysis. While a group did not significantly predict A-B pair memo-
ry performance (see fig. S3A), we observed a significant main effect 
of the valence ratings (β = −0.123, P = 0.001). As displayed in Fig. 2D, 
participants were more likely to recall the A-B association if the sub-
jective valence rating for the A image was more positive. While the 
perceived emotionality of the A images predicted day 2 A-B pair 
memory performance, neither the stress manipulation nor the emo-
tionality of the associated A images significantly affected perfor-
mance in the B-C recognition trials (all P > 0.461; see fig. S3B).

Neural activity and connectivity during B-C encoding 
remains unaffected by stress
Using fMRI, we measured brain activity during B-C learning on day 
2. Contrasting brain activity during the encoding of B-C image pairs 
with brain activity during the encoding of novel X-Y pairs revealed 
significant clusters in the ventromedial prefrontal cortex (vmPFC; 
[20, 32, 10], t = 5.84, PFWE-corr = 0.002), inferior frontal gyrus ([−46, 
32, 26], t = 6.69, PFWE-corr < 0.001), dorsolateral PFC ([−42, 2, 56], 
t = 8.94, PFWE-corr < 0.001), and the dorsal anterior cingulate cortex 
([−4, 24, 42], t = 7.49, PFWE-corr < 0.001). Increased activity in these 
regions during B-C encoding seems plausible as previous research 
has demonstrated the involvement of the hippocampus, surround-
ing brain areas and the mPFC in associative learning (1). Moreover, 
we analyzed seed-to-voxel functional connectivity, in particular the 
hippocampus, during B-C encoding trials. Contrasting B-C learn-
ing trials with X-Y learning trials showed that the functional con-
nectivity between the hippocampus and the medial frontal cortex 
was increased during B-C learning ([0, 54, −2], PFWE-corr = 0.023). 
This increase in functional coupling has previously been shown to 
be associated with increased inference accuracy, as enhanced con-
nectivity during overlapping pair encoding is likely involved in the 
linking of A-B and B-C pairs (40). In addition, in line with our be-
havioral findings, stress did not affect the brain activity and func-
tional connectivity during the encoding of overlapping B-C pairs. 
We obtained also no significant differences between B-C pairs over-
lapping with neutral versus negative A elements.

Stress impairs A element reactivation during B-C encoding
Our study aimed primarily to test the idea that stress impairs memory 
inference by reducing the reactivation and integration of prior experi-
ences during the encoding of overlapping events. For this purpose, we 
leveraged multivariate decoding analyses assessing whether stress in-
terferes with the A category reactivation during corresponding B-C 
encoding (Fig. 4A). Notably, we used A stimuli from two stimulus 
classes, faces and scenes, that are known to have distinct neural signa-
tures (41–43) and trained a classifier to distinguish these categories in 
a separate localizer task that was presented before learning on day 1. 
We applied an L2-penalized logistic regression analysis, decoding 
scene and face images in the hippocampus, ventral temporal cortex 
(VTC), mPFC, parahippocampal gyrus, and perirhinal cortex. In a 
first step, a leave-one-run-out cross-validation was applied to deter-
mine whether classifier accuracy in each region of interest (ROI) is 
above chance level in the localizer task and whether the regions 
should be considered for the following decoding analysis. Classifier 
accuracy was determined by the number of correct predictions made 
for the random test block in relation to total amount of category 

predictions in the other five mini-blocks. The results of the cross-
validation showed that classifier performance across all partici-
pants significantly exceeded chance level in the left perirhinal cortex 
[M = 58.54, SD = 17.64, t(119) = 5.31, P < 0.001], right perirhinal 
cortex [M = 65.69, SD = 21.12, t(119) = 8.14, P < 0.001], VTC 
[M = 94.24, SD = 10.90, t(119) = 94.21, P < 0.001], the right hippo-
campus [M = 53.40, SD = 17.57, t(119) = 32.98, P < 0.001], and the 
left hippocampus [M = 55.28, 17.75, t(119) = 33.81, P < 0.001]. Con-
sequently, the decoding analysis was restricted to these brain regions, 
applying the trained classifier to the trial-wise data of the first B-C 
encoding run. Critically, groups did not differ in classifier accuracy in 
the localizer task in any of our ROIs [all t(118) > −0.68, all P > 0.099].

When applying the classifier to the B-C encoding task, classifier 
accuracy was significantly above chance level (target versus nontar-
get category on trial level) in the right hippocampus (t = 121.79, 
P < 0.001) and in the left hippocampus (t = 112.88, P < 0.001), sug-
gesting that the linked A image categories were reactivated during 
B-C pair learning. In the VTC and the perirhinal cortex, however, 
classifier accuracy was not significantly above chance level during 
B-C learning. Nevertheless, both ROIs were considered for further 
trial-level analyses.

Next, we tested the influence of the stress manipulation on trial-
level reactivation strength during B-C learning trials, operational-
ized as single-trial category-level classifier evidence (logits). Using 
linear mixed models (LMMs), the factor group, emotionality, A im-
age category (scene versus face), as well as trial-level valence and 
arousal ratings and A-B and B-C (day 2) pair memory were used to 
predict A category reactivation. For the hippocampus, the best fit-
ting model included group and valence ratings and their interaction 
effect in the model while also accounting for variance based on the 
image categories. This model showed a significant main effect of 
group, indicating significantly reduced category-level reactivation 
in the stress group compared to the control group (β = −0.005, 
Pcorr = 0.019; Fig. 4B). In other words, stressed participants reacti-
vated the corresponding A element category less in the hippocam-
pus when encoding overlapping B-C pairs. The predictors valence 
ratings (β = −0.0001, P = 0.535), group × valence interaction (β = 
−0.0004, P = 0.102), and image category (β = 0.0015, P = 0.052) 
were not significant. Follow-up tests showed that A category reacti-
vation was not reliably different between right and left hippocampi, 
speaking against a lateralized effect in the hippocampus (β < −0.001, 
P = 0.940). When the same LMMs were applied to the VTC and 
perirhinal cortex, none of the predictors reached significance in any 
of the models.

In a next step, we tested whether A category reactivation in the 
hippocampus successfully predicted A-C inference, thus testing the 
functional relevance of the A element (category) reactivation that 
was impaired by stress. Adding hippocampal reactivation strength to 
the behavioral model predicting A-C inference accuracy improved 
the model fit and showed a significant main effect of hippocampal 
reactivation on A-C inference (β = 13.724, P = 0.041; Fig. 4C), sug-
gesting that lower A element category reactivation is associated with 
impaired inference accuracy. This association was observed across 
groups and did not reliably differ between groups (group × reactiva-
tion: β = −12.769, P = 0.219; see fig. S5), suggesting that successful 
reactivation of associated content during encoding of overlapping 
information is associated with enhanced inference accuracy, irre-
spective of stress. However, as reported above, acute stress signifi-
cantly reduced this reactivation.
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Stress increases neural dissimilarity of linked A-C elements 
in the hippocampus
To assess a potential role of memory integration and differentiation 
processes in the memory for overlapping events, we tested whether 
the neural representational similarity between A and C elements 
changes depending on whether these are linked through an overlap-
ping B element and whether stress modulates such representational 
changes. Participants were presented these A and C elements on day 
1, before A-B learning, as well as after B-C learning on day 2. We 
generated representational similarity matrices (RSMs) of pairwise, 
Fisher z-transformed Spearman correlation coefficients of all image 
presentations during the pre- and postexposure runs of the experi-
ment for the hippocampus (Fig. 5A). Subsequently, mean similarity 
values for within-triad (A and C elements that were linked via an 
overlapping B element) and across-triad comparisons (A and C ele-
ments that were not linked) were extracted for image combinations 
containing negative A elements and neutral A elements. We applied 
LMMs to test the effects of group (stress versus control), emotionality 
of the A images (negative versus neutral), phase (pre- versus postex-
posure), and link (within-triad versus across-triad) on the represen-
tational pattern similarity of the images. These analyses revealed a 

significant group × emotionality interaction (β = 0.002, P = 0.036) 
showing lower pattern similarity for negative items in the stress 
group versus the control group (β = 0.001, P = 0.035; neutral: β < 
0.001, P = 0.914) in the hippocampus. As shown in Fig. 5C, we ob-
tained a significant interaction effect between group and link specifi-
cally in the postexposure session (β = −0.003, P = 0.049), indicating 
that the reduction in pattern similarity in the stress group was spe-
cific for within-triad comparisons. For the preexposure session, there 
was no such effect (β = −0.001, P = 0.229; Fig. 5B), nor were there 
any significant effects in the hippocampus (all |β| < 0.002, all P > 
0.265). Follow-up tests showed, however, that the postexposure pat-
tern similarity was not reliably different between the left and right 
hippocampus, arguing against a lateralized effect (β < −0.001, P = 
0.712). No modulation of neural pattern similarity was found for 
analyses of the mPFC and perirhinal cortex. Note that we also ana-
lyzed the pre-to-post difference for the between versus within-triad 
difference between stress and control groups. This interaction, how-
ever, was not significant (β < −0.001, P = 0.740), presumably due to 
insufficient power for this high-level interaction. Additional search-
light analyses within ROIs did not reveal any effects of group or A 
element emotionality on pre-to-post similarity change either.

Fig. 4. Stress effect on reactivation of associated A image categories in the hippocampus during B-C trials. (A) Visualization of the neural decoding approach. 
(B) The reactivation of overlapping A category images during the first run of the B-C learning phase is impaired by acute stress exposure. Higher logit values indicate 
stronger classifier evidence for the corresponding category on each trial. (C) Reactivation of the A category images during the B-C learning phase significantly predicts 
the behavioral measure of A-C inference. Note that while (B) and (C) show the effect in the right hippocampus (rHPC) for illustrative purposes, there were no reliable dif-
ferences between right and left hippocampus. Face stimuli from the FACES database (66) with informed consent. Scene images from NAPS (67). Object stimuli generated 
in MATLAB as per (32). Animal photographs were taken by the first author. Coronal brain slice and head graphics created in BioRender. K. Schüren (2026) https://BioRender.
com/qh5mioz. Error bars represent SEM. *P < 0.05.
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Last, adding A category reactivation measures of the hippocam-
pus to the postexposure model showed no significant effect of the 
reactivation on pattern similarity (β = −0.046, P = 0.471), suggest-
ing that the changes in A element reactivation during overlapping 
B-C learning and the representational change of individual A and C 
elements sharing an overlapping B element are uncorrelated and 
likely reflect distinct mechanisms relevant for memory integration. 
We did not identify a modulation of the behavioral A-C inference 
scores by similarity changes in any of the ROIs.

Increased hippocampus, amygdala, and mPFC activity 
during associative inference
In addition, we analyzed brain areas involved in mnemonic infer-
ence. To this end, we contrasted brain activity in inference (i.e., A-C) 
and memory retrieval (i.e., A-B and B-C) trials. Moreover, we ex-
plored whether inference-related univariate activity was influenced 
by stress or A element emotionality. For the overall contrast of infer-
ence minus retrieval, our ROI analyses revealed significant clusters in 
the bilateral hippocampi (left: [−20, −14, −22], t = 6.59, PFWE-corr < 
0.001; right: [22, −10, −10], t = 9.94, PFWE-corr < 0.001), bilateral 
amygdalae (left: [−20, −6, −14], t = 6.68, PFWE-corr < 0.001; right: 
[20, −8, −18], t = 8.20, PFWE-corr < 0.001), mPFC ([0, 48, −18], 

t = 7.07, PFWE-corr < 0.001), and the parahippocampal cortex ([24, 
−34, −18], t = 14.72, PFWE-corr < 0.001), suggesting that these areas 
are more strongly activated during inference compared to retrieval 
trials. In addition, a whole-brain analysis revealed significant clus-
ters in the occipital lobe, inferior frontal lobe, orbitofrontal cortex, 
and fusiform gyrus (see table S3). The stress manipulation did not 
significantly influence this inference-related neural activity, suggest-
ing that the observed inference impairment is mainly driven by the 
mnemonic integration during the encoding of overlapping events 
rather than changes in neural activity during inference. An addi-
tional analysis focusing exclusively on correct associative inference 
trials revealed largely overlapping activation clusters for the A-C 
versus A-B/B-C pair memory contrast. No additional effects of 
group or emotionality were observed in either the whole-brain or 
ROI analyses.

DISCUSSION
The ability to integrate separate memories that share overlapping ele-
ments is essential for memory inference, with important implications 
in legal, educational, and clinical contexts. In this study, we inves-
tigated whether acute stress influences this fundamental memory 

Fig. 5. Representational similarity in the left hippocampus. (A) Depiction of the analytical approach. (B) Before A-B and B-C learning, neural similarity between indi-
vidual A and C elements was comparable between groups and within- versus across-triad pairs. (C) After A-B and B-C learning, the neural similarity decreased specifically 
for within-triad A and C elements in the stress group, suggesting stress-induced pattern differentiation. Note that while (B) and (C) show the effect in the left hippocampus 
(lHPC) for illustrative purposes, there were no reliable differences between right and left hippocampus. Face stimuli from the FACES database (66) with informed consent. 
Scene images from NAPS (67). Object stimuli generated in MATLAB as per (32). Animal photographs were taken by the first author. Error bars represent SEM. *P < 0.05.
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process and, if so, which neural mechanisms underlie stress-induced 
changes in inference. We found that stress before learning events 
containing elements overlapping with existing memories impaired 
participants’ ability to associate related episodes, leading to deficits in 
associative inference—particularly for stimuli rated as emotionally 
positive. This stress-induced impairment in associative inference was 
accompanied by reduced neural reactivation of existing memories in 
the hippocampus during the encoding of overlapping content. In ad-
dition, we observed a stress-induced increase in pattern differentia-
tion for overlapping memories in the hippocampus. Together, these 
findings demonstrate that acute stress impairs the neural integration 
of overlapping events and hence inference, possibly due to a dimin-
ished capacity to reinstate overlapping memories during integrative 
hippocampal encoding.

Previous research on stress and memory has primarily focused 
on the consolidation and retrieval of individual memories, showing 
that acute stress can enhance memory formation (21, 22) but impair 
retrieval (23, 24). Our findings extend this literature significantly by 
demonstrating that stress before learning of overlapping events also 
disrupts integrative encoding, which is important for associative in-
ference. The inference deficit in the stress group, compared to the 
control group, was specific to stimuli that participants subjectively 
rated as emotionally positive, consistent with prior evidence that 
emotional memory content is particularly susceptible to stress ef-
fects (16, 21, 22). This modulation by stimulus emotionality has 
been attributed to interactions between glucocorticoids and norad-
renergic activity in the brain (34). In particular, these stress hor-
mones modulate basolateral amygdala functioning and the interplay 
with the hippocampus and neocortical brain regions, thereby medi-
ating stress induced memory impairments. Previous studies have 
shown that positive emotional memory content can enhance asso-
ciative learning by expanding attentional focus (38, 39). While we 
selected emotionally negative and neutral stimuli, valence ratings of 
the images included a positive dimension, and participant subjec-
tive valence ratings showed that several of the neutral stimuli were 
experienced as rather positive. In light of these findings, it might well 
be that the greater associative inference accuracy for more positively 
rated items observed in the control group could be the result of posi-
tive emotional modulation and that acute stress interfered specifically 
with this modulation. However, further studies including explicitly 
both emotionally positive and negative stimuli are needed to investi-
gate this relationship as well as potential differences between positive 
and negative emotionally arousing events.

Our results further align with studies showing that acute stress im-
pairs memory flexibility, as reflected, for instance, in reduced schema-
based learning or decreased spatial navigation adaptability (26, 27, 
44). Together, these findings suggest that stress effects on memory are 
broad and not limited to enhanced memory formation and impaired 
memory retrieval. Crucially, changes in memory formation or retriev-
al alone cannot explain the present results. Stress did not impair the 
acquisition of B-C pairs and left brain activity and functional connec-
tivity during B-C learning unaffected, indicating that the inference 
deficit was not due to a failure to encode the overlapping content. 
Similarly, stress did not impair retrieval of the A-B or B-C associations 
in the final test, possibly because these were highly overlearned. In-
cluding retrieval performance as a covariate in our model did not 
eliminate the stress effect on inference. Thus, the observed inference 
deficit cannot be attributed solely to encoding or retrieval impair-
ments and goes beyond the previously established effects of stress on 

memory. Notably, the absence of a stress effect on A-B memory sug-
gests that potential context shifts between A-B learning (outside the 
scanner), and subsequent A-C and A-B testing (inside the scanner) did 
not substantially influence performance or hippocampal engagement.

Rather than reflecting deficits in encoding or retrieval alone, our 
fMRI decoding results point to a stress-induced reduction in memory 
integration, through which related memories are represented in over-
lapping neural code. Specifically, we show that stress disrupted the 
reactivation of the corresponding A element category in the hippo-
campus during the learning of the overlapping B-C image pairs, a first 
step critical for memory integration (28). The hippocampus is known 
to play a key role in associative inference (4). In particular, previous 
research showed that integrative encoding of overlapping events in 
the hippocampus is key to generalization across experiences (45). Re-
activation of overlapping memory content is thought to underlie 
memory integration and, consequently, successful inference (46). 
Consistent with this view, our results showed that stronger hippo-
campal A category reactivation during learning of overlapping events 
predicted successful associative inference. The stress-induced reduc-
tion in memory reactivation aligns with previous findings that stress 
hippocampal neuroplasticity and function are sensitive to stress 
(31, 47). Notably, stress has been shown to promote a shift from flex-
ible hippocampal memory toward more rigid, cue-dependent striatal 
memory (14, 17), which may hinder the relational processing and in-
tegration of overlapping experiences. We therefore propose that stress 
impairs associative inference by disrupting spontaneous retrieval of 
prior, related memories during new encoding, which has been shown 
to influence the degree to which related events become integrated 
within the same representational network (32).

In line with this proposal, our RSA points to a potential comple-
mentary mechanism underlying the effects of stress on mnemonic 
integration. Specifically, we found that stress resulted in increased 
neural dissimilarity in the neural representation of A and C elements 
that shared an overlapping B element. This effect was specific to as-
sociations involving an emotionally negative event. Focusing the 
analysis on the postexposure phase then showed a decrease in pattern 
similarity in the stress group particularly for linked A-C associations. 
The observed increased neural dissimilarity indicates pattern differ-
entiation and may emerge when episodes are represented as separate, 
nonoverlapping events (48). Thus, these stress-induced representa-
tional changes provide further evidence for reduced integration of 
overlapping elements after stress. Again, this stress effect was ob-
served within the hippocampus, implying that under stress, this re-
gion not only fails to sufficiently reactivate overlapping content but 
may actively differentiate related episodes. Notably, increased hippo-
campal pattern differentiation after acute stress has been observed in 
spatial navigation tasks, where it contributes to more precise spatial 
codes and facilitates navigational accuracy (49). This enhancement of 
pattern differentiation, however, could come at the expense of pat-
tern integration capacities required to form an integrated map of the 
spatial environment. The reactivation of the A category during B-C 
learning and the increase in neural dissimilarity between the A and C 
elements were uncorrelated, suggesting that these may reflect inde-
pendent mechanisms—one potentially affecting overlapping content 
reactivation and the other governing the degree of differentiation 
among overlapping representations. It is to be noted, however, that 
this stress-induced representational effect did not reach statistical 
significance when controlling for the preexposure representation 
(i.e., representational change), presumably due to a lack of statistical 
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power. Moreover, we did not observe a direct relationship between 
the neural pattern similarity change in the hippocampus and our 
behavioral measure of associative inference, potentially because this 
behavioral measure lacks the sensitivity to detect fine-grained neu-
ral modulations.

While our findings suggest that stress primarily affected the hip-
pocampal reactivation and integration of A category during the en-
coding of overlapping events (i.e., B-C), it is important to note that 
the timing of our stress manipulation was specifically chosen to tar-
get this process. Accordingly, cortisol was elevated during B-C en-
coding but had returned to baseline by the time of the A-C inference 
test. Therefore, our results do not preclude the possibility that stress 
may also influence processes relevant at the time of inference—such 
as the reactivation of the overlapping B element—when stress occurs 
immediately before inference testing. Moreover, it remains unclear 
whether memory integration and its modulation by stress require ex-
plicit knowledge of the link between events. Future studies could in-
clude a test of participants’ awareness of this link.

In conclusion, our findings demonstrate that acute stress can im-
pair the ability to integrate separately encoded but overlapping events, 
leading to deficits in associative inference. This impairment is likely 
driven by a stress-induced disruption of memory reactivation in the 
hippocampus during the encoding of overlapping information, result-
ing in unintegrated representations of related experiences. Given the 
ubiquity of stressful events in everyday life, such deficits in memory 
integration and inference have relevant implications across many do-
mains, most importantly mental disorders. Notably, while impaired 
integration of overlapping events may hinder flexible inference, in-
creased memory differentiation may also serve adaptive functions, 
such as reducing interference. Our findings suggest that under stress, 
the brain prioritizes the distinct representation of individual episodes 
over the formation of connected knowledge structures.

MATERIALS AND METHODS
Preregistration
This study, including its hypotheses and analyses, was preregis-
tered before the end of data collection at the Open Science Framework 
(https://doi.org/10.17605/OSF.IO/4Y96V).

Participants and experimental design
One hundred twenty-one healthy, right-handed volunteers partici-
pated in this experiment. Volunteers fluent in German were screened 
in a standardized interview for exclusion criteria, including a lifetime 
history of any neurological or psychiatric disorders, thyroid, renal, or 
cardiovascular conditions, any contraindications for MRI measure-
ments, consumption of nicotine, prescription medications, or illicit 
drugs, and, for women, pregnancy, lactation, or the use of hormonal 
contraceptives. An a priori power analysis (50) (G*Power, 3.1.9) indi-
cated that 120 participants would be sufficient to detect a medium-
sized effect [d = 0.55; based on (25)] of the two-level group factor 
(stress versus control) on associative inference, with a power of 0.90. 
All participants provided written informed consent before partici-
pating in the study and received monetary compensation upon com-
pletion. The experimental procedure was approved by the local ethics 
committee of the Faculty of Psychology and Human Movement Sci-
ence at the University of Hamburg (2020_343_Schwabe).

In a mixed design with the two-level between-subjects factor 
group (stress versus control), the two-level within-subject factor 

emotionality (negative versus neutral A stimuli in the associative in-
ference task), and the two-level within-subject factor associative link 
(within versus between triad), participants were pseudo-randomly 
assigned to either the stress group (n = 60; 30 female; mean age = 23.8, 
SD = 4.1) or the control group (n = 61; 31 female; mean age = 25.1, 
SD = 4.4), ensuring a comparable number of men and women in 
each group.

To control for any potential differences in anxiety, depression, and 
chronic stress symptoms between the two experimental groups that 
participants were assigned to, we applied the Trier Inventory of Chron-
ic Stress (51), the Community Assessment of Psychic Experiences–
positive dimension (52), the Childhood Trauma Questionnaire–short 
form (53), and the Inventory of Depression and Anxiety Symptoms-I 
(54) before the start of the experiment. Independent sample t tests that 
we ran on all subscales of the questionnaires showed that participants 
assigned to the stress group and participants assigned to the control 
group did not differ in any of the symptoms (tables S4 to S7).

Experimental procedure and tasks
Day 1: Localizer task
To train a classifier to distinguish between the neural signatures of 
the stimulus categories used in the associative learning task, partici-
pants first completed a category localizer consisting of three runs. 
The localizer task included the block-wise presentation of four dif-
ferent image categories: scenes (2/3 manmade, 1/3 natural), faces 
(1/2 male, 1/2 female), artificial three-dimensional objects, and ani-
mals, with 48 images presented per category. In addition, the faces 
were either emotionally neutral or negative (sad, fearful, or angry 
facial expressions), and the scenes were either emotionally neutral 
(peaceful/preserved urban or natural scenes) or negative (natural 
disasters, destruction, or pollution scenes). We selected scenes that 
evoked negative or neutral emotion while excluding depictions of 
humans or large objects, as such features could interfere with neural 
pattern decoding analyses. Images used for the localizer task were 
randomly drawn from four category-specific image pools for each 
participant and did not subsequently reappear in any of the other 
tasks of the experiment. Each run of the localizer involved the pre-
sentation of eight mini-blocks (two per image category), with each 
mini-block consisting of nine images from one category. Images 
were presented for 2.5 s, and a fixation cross was shown for 0.5 s 
between images (jittered between 0.3 and 0.8 s). To ensure adequate 
attention during the localizer task, participants were instructed to 
press a button whenever one of the images was presented twice in a 
row (1-back memory task). One of the nine images in each mini-
block was always a duplicate of one of the other eight images.
Day 1: Preexposure task
Following the localizer task, participants underwent a preexposure 
phase inside the MRI, during which they were presented with images 
that would later reappear in the associative inference task. Specifi-
cally, participants viewed 24 images from the subsequent A stimulus 
class, featuring faces and scenes, as well as 24 images from the subse-
quent C stimulus class, featuring objects. As in the localizer task, the 
images in the A stimulus class were divided into negative and neutral 
images. The preexposure task consisted of four runs, with each image 
shown twice per run in a pseudo-random order, ensuring that items 
from the same A-B-C triad would always have a minimum of two 
intervening items in between. The timing and trial orders of each run 
were kept identical between the pre- and postexposure phases to con-
trol for the influence of carry-over effects on the neural activity 
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measures of temporally adjacent items. Following the same rationale, 
the pseudo-random order of stimulus presentation ensured that 
same triad stimuli were always intertwined by two items from differ-
ent triads. Images were presented for 1 s, with an intertrial interval 
(ITI) of 2.5 to 3.5 s. To ensure participants’ attention during the pre-
exposure task, the fixation cross during the ITI changed color from 
black to either green or blue, and participants were instructed to in-
dicate the correct color by pressing a button.
Day 1: A-B pair learning
As part of the associative inference task, participants first learned a 
series of A-B pairs outside the MRI. In this A-B learning task, par-
ticipants were instructed to memorize 24 pairs of A class (faces or 
scenes) and B class (animals) stimuli. Unbeknownst to participants, 
A-B image pairs would later be linked to B-C image pairs, and an 
unannounced A-C inference test would be applied toward the end of 
the experiment. During the study phase, the A and B images were 
presented next to each other, with the A image displayed on the left 
side of the screen and the B image on the right. Each pair was shown 
for 3.5 s, followed by a 0.5-s fixation cross. Immediately following 
the study phase, participants completed a brief test phase, in which 
they had to select the correct image pair in a 3AFC test. In this test 
phase, each of the previously shown A images appeared once as a 
cue at the top of the screen, with three B images displayed beneath 
it, including the one which was previously paired with the cue. Test 
trials were also counterbalanced to ensure that the two foils dis-
played alongside the correct pair would always be from the same 
stimulus category and emotionality (e.g., face/neutral). The decision 
time for test trials was 5 s, and participants received visual feedback 
on the correctness of their choice. Each run of the A-B learning con-
sisted of both study and test phases. Participants completed four 
runs in total, with each run including the same 24 A-B pairs.
Day 2: Stress manipulation
At the beginning of day 2, ~24 hours after the end of day 1 (M = 
24.09; SD = 0.82; no significant difference between groups), partici-
pants underwent either the TSST (33) or a control manipulation. 
The TSST is a well-established psychosocial stressor in which par-
ticipants are exposed to a mock job interview, consisting of a free 
speech and a mental arithmetic task. During a 3-min anticipation 
phase, participants were instructed to prepare a free speech about 
why they are the ideal candidate for a job tailored to their interests. 
After the 5-min free speech, participants were asked to perform a 
5-min mental arithmetic task, in which they had to count backward 
from 2043 in steps of 17. Throughout the free speech and the mental 
arithmetic task, participants were evaluated by a panel of two ex-
perimenters, dressed in white laboratory coats, who were introduced 
as experts in behavioral analysis. The panel remained cold and non-
reinforcing. In addition, participants were videotaped and could see 
themselves on a screen placed behind the panel.

In the control condition, participants gave a speech about a topic 
of their choice (e.g., their last vacation or a book they read) and 
performed a simple mental arithmetic task (counting in steps of 15). 
There was no panel during the control manipulation, and partici-
pants were not videotaped.

To assess the success of the stress manipulation, saliva samples were 
taken at multiple time points across the two experimental days apply-
ing the passive drool method using Salivettes (Sarstedt, Germany) to 
measure the stress hormone cortisol (55). An initial baseline sample 
was taken at the beginning of day 1, before any of the experimental 
tasks. Similarly, a baseline sample was obtained on day 2, before the 

stress or control manipulation. Further, saliva samples were taken im-
mediately after the stress or control manipulation, 5 min later while 
preparing participants for the MRI, and after the second run of the B-C 
learning task. Three additional saliva samples were taken: before the 
postexposure task, before the final A-C test, and after the completion of 
the MRI session on day 2. Salivary cortisol concentrations (nanomoles 
per liter) were analyzed via antibody detection using a luminescence 
immunoassay (IBL; Germany). All testing took place in the morning, 
with sessions starting between 7:25 a.m. and 11:30 a.m. to control for 
the diurnal rhythm of cortisol.

In addition to the saliva samples, participants’ heart rate and 
blood pressure were measured at five different time points: baseline 
measures at the beginning of day 1, at the beginning of day 2, 8 min 
after the onset of the stress and control manipulation, immediately 
after the manipulation (+20 min after TSST onset), and after the 
MRI session (+110 min after TSST onset). Subjective mood was as-
sessed using a German multidimensional mood scale (56) (MDBF) 
at the beginning of day 1, the beginning of day 2, immediately after 
the TSST, and at end of the scanning session (+110 min after TSST 
onset). In addition, participants were asked to rate, on a scale from 
0 (“not at all”) to 100 (“very much”), how stressful, difficult, and 
unpleasant they had experienced the TSST and control manipula-
tion, respectively. Baseline measures of salivary cortisol, heart rate, 
blood pressure, and the MDBF from day 1 were analyzed using in-
dependent sample t tests to control for potential group differences 
before the experimental manipulation (see Supplementary Text). 
Moreover, we ran mixed analyses of variance (ANOVAs) including 
the factors time and group to check whether groups differed in re-
sponse to the experimental manipulation across the course of day 2 
of the study.
Day 2: B-C pair learning
Immediately after the end of the stress or control manipulation, par-
ticipants completed the B-C learning task inside the MRI scanner. 
The procedure of this B-C learning task was essentially identical to 
the previous A-B learning task, except for different stimulus timing 
due to the MRI measurement. The 24 B class images that were previ-
ously associated with A images during the A-B learning task on day 1 
were now paired with 24 C class images (objects). In addition, 12 novel 
X-Y image pairs, containing B class (i.e., animal) images that had 
not been presented before, were introduced. These novel X-Y pairs 
served as a baseline for the effect of stress on new encoding, behav-
iorally and for univariate and functional connectivity analyses of 
fMRI data. As in the A-B learning task, the 24 B-C pairs and the 
12 X-Y pairs were presented across four runs. C class images were 
shown on the left of the screen, while B class images were displayed 
on the right. Each B-C image pair was presented for 3.5 s, with an 
ITI of 8.5 s during which a fixation cross was shown. Each run con-
sisted of a study phase, during which all B-C pairs were presented in 
a randomized order, followed by a 3AFC test phase to probe associa-
tive memory for the learned B-C pairs. For the B-C test trials, C 
images were shown at the top of the screen, and the three B image 
options were displayed beneath. As for the A-B test phase, test trials 
were counterbalanced by stimulus category and additionally by pair 
type (B-C and X-Y pairs). Participants had 5 s to respond but did 
not receive feedback about the correctness of their choice.
Day 2: Postexposure task
Immediately after the B-C learning task, participants underwent a 
postexposure phase. Here, the 24 A and 24 C images shown during 
the associative inference task (i.e., A-B and B-C learning, respectively) 
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were presented again across four runs, following the same procedure 
as during the preexposure task on day 1.
Day 2: A-C inference test
At the end of the fMRI scanning session on day 2, ~95 min after the 
onset of the stress or control manipulation, participants completed a 
surprise A-C inference test, which probed the indirect A and C im-
age association established through the overlapping B image. This 
A-C test was announced as a “free association test,” in which par-
ticipants should select the person (represented by the face stimulus) 
who would most likely own the cued object or the scene where the 
cued object could most likely be found. During the A-C inference 
test, C images were shown at the top of the screen, and three A im-
age options were displayed underneath, with one of the options be-
ing the correct stimulus, indirectly associated via the overlapping 
B stimulus. In addition to A-C inference trials, this final test also 
probed memory for the 24 A-B pairs learned on day 1 and for the 24 
B-C pairs learned earlier on day 2. The A-C test consisted of 72 trials 
in total, including 24 inference trials, 24 A-B pair memory trials, 
and 24 B-C pair memory trials. To ensure that inference accuracy 
was not influenced by prior exposure to the respective A-B and B-C 
image pairs, four A-C trials were presented before the eight corre-
sponding A-B and B-C memory trials. The test trials for the A-B and 
B-C pairs followed the same procedure as the test trials during the 
A-B and B-C learning tasks on day 1 and day 2, respectively. For 
each of the three trial types, participants had 10 s to respond.
Day 2: Stimulus emotionality rating
At the end of day 2, after leaving the MRI, participants completed a 
10-min stimulus rating task. In this task, participants were instruct-
ed to rate the valence and arousal of the face and scene images that 
were used as A class stimuli in the experiment. The task consisted of 
120 trials, presenting the 60 face images and the 60 scene images 
that participants had seen in the localizer and associative inference 
task. For each image, participants rated the valence on a 10-point 
Likert scale from 1 (very negative) to 10 (very positive) and the 
arousal on a scale from 1 (very calm) to 10 (very arousing). Although 
we selected A class stimuli to be emotionally neutral versus negative, 
we still used a valence scale from “very negative” to “very positive” 
because we considered the possibility that the subjective perception 
of the participants could deviate from these categories. Especially the 
neutral stimuli could be potentially perceived as rather positive, in 
particular when contrasted with the emotionally negative stimuli. Par-
ticipants’ ratings showed that some of the A class stimuli were per-
ceived as emotionally positive (see figs. S1 and S2).

Behavioral data analysis
To assess the success of the stress manipulation, salivary cortisol, 
heart rate, blood pressure, and mood data were subjected to mixed-
design ANOVAs with the between-subjects factor group (stress ver-
sus control) and the within-subject factor time point of measurement. 
Performance in the four A-B and B-C learning runs (treating B-C 
and X-C test trials separately) was also analyzed by applying ANO-
VAs including the group factor, as well as the within-subject variables 
run and emotionality (negative versus neutral; for B-C learning runs, 
emotionality was based on the associated A elements). Associative 
inference accuracy was analyzed using GLMMs. Using a stepwise ap-
proach, the predictor group, emotionality (negative versus neutral 
image), and stress responsiveness, measured as BPi in salivary corti-
sol, were added to the models. In addition, subjective valence and 
arousal ratings of the images in the associative inference task, as well 

as A-B and B-C pair memory from the final test session, were added 
to the regression models. Last, A-B and B-C memory in the final test 
was analyzed using GLMMs, including group, emotionality, and va-
lence and arousal ratings as predictors.

fMRI data acquisition and preprocessing
MRI data were acquired with a 3T Siemens Magnetom Prisma scan-
ner using a 64-channel head coil. For functional imaging, we applied 
T2*-weighted echo-planar imaging (EPI) sequences (TR = 2000 ms, 
TE = 30 ms) with a voxel size of 2 mm2 and a slice thickness of 2 mm. 
In addition to the functional volumes, structural images were obtained 
at the beginning of day 1, including a T1-weighted image using a 
magnetization-prepared rapid gradient echo (MPRAGE) sequence 
(TR = 1900 ms, TE = 2.34 ms) and high-resolution T2-weighted vol-
ume (TR = 13,150 ms, TE = 82 ms) of the hippocampus.

Functional and structural MRI data were preprocessed using stan-
dard steps, as implemented in SPM12 (statistical parametric map-
ping; www.fil.ion.ucl.ac.uk/spm/), including spatial realignment, slice 
time correction, coregistration to the structural images, segmenta-
tion, normalization to the Montreal Neurological Institute (MNI) 
standard space, and smoothing with a 6-mm Gaussian kernel.

ROI analyses
ROI masks were derived primarily from the Harvard-Oxford corti-
cal and subcortical atlas (thresholded at 50%), unless specified oth-
erwise. Preregistered ROIs for analyses of task-evoked activation 
included the bilateral (i.e., left and right) hippocampus, amygdala, 
mPFC, and the parahippocampal and perirhinal cortices, as previ-
ous research indicated these brain regions to be involved in associa-
tive memory and inference (1, 57, 58). For functional connectivity 
analyses, the bilateral hippocampus, amygdala, and mPFC were used 
as seed regions.

For the RSA and multivariate pattern analysis (MVPA), which 
were conducted in native space, ROI masks were back-transformed 
using the inverse deformation fields obtained from the segmentation 
preprocessing step. ROIs for these analyses included the bilateral hip-
pocampus, mPFC, and parahippocampal and perirhinal cortices. In 
addition, a VTC mask was included exclusively for the MVPA and 
was derived as described in (59, 60). The perirhinal cortex mask was 
derived from the probabilistic medial temporal lobe atlas (61) (https://
identifiers.org/neurovault.collection:3731).

Univariate fMRI data analysis
To assess neural activity associated with inference (versus retrieval) in 
the A-C test, we derived general linear models (GLMs) for each of the 
participants using SPM12. This analysis included the trial types of 
the A-C test (inference versus associative memory retrieval trials) and 
the emotionality of the stimuli that were tested (negative versus neu-
tral) as regressors. Moreover, item-level valence ratings were added 
as a parametric modulator to regressors in the first-level GLMs, gen-
erating modulated regressors of the conditions estimating interaction 
effects. At the first level, we focused on the contrast A-C trials (i.e., 
inference) minus A-B/B-C trials (i.e., memory retrieval) and the re-
verse contrast. At the second (group) level, we contrasted the stress 
versus control groups and analyzed potential interaction effects of the 
treatment with stimulus emotionality. In addition, we conducted an 
analysis focusing exclusively on correctly remembered A-C trials ap-
plying the same first and second-level contrasts. Note that this devi-
ates from our preregistered approach where we indicated to contrast 
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correct and incorrect A-C trials instead. We chose this approach to 
focus specifically on neural activity associated with successful infer-
ence. Contrasting correct and incorrect trials would have mixed dis-
tinct cognitive processes, reducing interpretability and sensitivity. We 
performed explorative whole-brain analyses as well as analyses in pre-
defined (and preregistered) ROIs. Univariate brain activity during 
B-C encoding trials was analyzed in a similar fashion, contrasting 
overlapping B-C trials with nonoverlapping X-Y trials and contrast-
ing B-C trials associated with negative images with B-C trials that 
were associated with neutral images. Last, the stress and control 
groups were contrasted using the aforementioned first-level contrasts. 
All univariate fMRI analyses were Bonferroni-corrected for the num-
ber of ROIs with a (cluster-level) significance threshold of P < 0.05 
(FWE corrected).

Functional connectivity analysis
We performed functional connectivity analyses for the B-C learning 
runs of the associative inference task as well as the A-C inference 
(including the A-B and B-C pair recognition trials) at the end of the 
experiment. We conducted seed-to-voxel analyses using the CONN 
toolbox (62) implemented in MATLAB. Denoising was applied in-
cluding SPM-derived motion parameters as well as physiological 
noise extracted from white matter and cerebrospinal fluid. More-
over, a temporal high-pass filter of 0.008 Hz was applied to reduce 
low-frequency drift while preserving task relevant high-frequency 
signals. In a first-level analysis, correlation maps of each seed ROI 
and every voxel in the brain were computed for each participant. 
Second-level analyses assessing task-related variance in connectivity 
were conducted using GLMs. For analyses focusing on the B-C 
learning phase, second-level contrasts included negative versus neu-
tral B-C trials (based on the emotionality of the corresponding A-
class images). X-C trials (B and C image pairs that did not overlap 
with previously learned A-B image pairs) were also contrasted with 
B-C trials. Last, we contrasted the stress and control groups and as-
sessed the interaction effects of the emotionality and group. Analy-
ses of the A-C inference test included negative versus neutral trials 
as a contrast, A-C trials versus A-B/B-C pair recognition trials, as 
well as stress versus control group contrasts. In addition, we as-
sessed interaction effects of the aforementioned variables. The re-
sulting statistical maps were thresholded at P < 0.001 with a cluster 
false discovery rate correction at P < 0.05.

Multivariate decoding analysis
To assess the neural reactivation of A class stimuli during B-C learn-
ing, we leveraged MVPA-based decoding analysis. These analyses 
were based on participants’ realigned, slice-time corrected, native-
space images. In a first step, block-wise beta estimates for the localizer 
task were estimated together with trial-wise betas for all B-C study 
phases in within-subject GLMs. The MVPA models were then derived 
using modified functions from the Decoding Toolbox (TDT) (63). To 
evaluate classification performance within the localizer task, a leave-
one-out cross-validation was applied, training L2-penalized logistic 
regression models on five of the category-specific mini blocks (scenes 
versus faces) of the task and testing the classifier on a random sixth 
block. Preregistered ROIs where classifier accuracy significantly sur-
passed chance level (50%) were then selected for further analysis. Note 
that this approach deviates from our preregistered plan to identify 
ROIs for further analysis by comparing classifier evidence for overlap-
ping B-C pairs with nonoverlapping X-Y pairs. The latter approach 

would require the assignment of random category labels to the novel, 
nonoverlapping pairs (which were, per definition, not paired with an 
A element before). Assigning arbitrary labels to these trials would ren-
der classifier accuracy computed largely uninterpretable. We therefore 
decided against our preregistered plan and instead included ROIs for 
which classifier accuracy was above chance level.

Subsequently, the pattern classifier trained on localizer data with-
in the respective ROIs was applied to the B-C learning phase data to 
detect (re-)activation patterns related to the two A stimulus catego-
ries. We assessed trial-wise category reactivation by using logits, 
which represent the signed

In the final step, trial-wise reactivation of A image categories (i.e., 
faces or scenes) during overlapping B-C learning was assessed. For 
each trial, we extracted the classifier’s probabilistic output for the face 
and scene categories, where 1 reflects perfect classifier evidence for the 
target category and 0 reflects no evidence. These probabilities were 
converted into logits applying log-odds transformations {logit(p) = 
ln[p/(1 − p)]}, yielding continuous measures of category-level evi-
dence (i.e., face logits and scene logits). Higher positive values reflect 
stronger evidence for the target category. This transformation was ap-
plied to control for nonnormality following established protocols [e.g., 
(64, 65)]. These trial-wise measures of category reactivation were then 
analyzed to determine whether stress and stimulus emotionality af-
fect A stimulus reactivation during B-C learning. Note that, deviating 
from the preregistration, we used LMM regressions to analyze trial-
wise reactivation, as we applied a continuous outcome variable (log-
its), rendering LMMs the more appropriate approach. The models 
included group and emotionality as factors, as well as the interaction 
between group and valence, and as covariates the baseline-to-peak 
cortisol levels, stimulus type, trial-wise valence and arousal ratings, 
and A-B and B-C pair memory performance. The decoding analysis 
focused on the first run of the B-C learning task because potential A 
element reactivation in subsequent runs may be compromised by B-C 
pair familiarity.

Representational similarity analysis
To assess associative learning–related changes in stimulus represen-
tations and potential stress effects on these representational changes, 
we leveraged RSA. Specifically, we analyzed whether the representa-
tional similarity between A and C stimuli linked by an overlapping B 
element would increase from pre- to postexposure, indicating poten-
tial integration processes. Conversely, we examined whether the rep-
resentational similarity between A and C stimuli not linked by an 
overlapping B element would decrease from pre- to postexposure, 
indicating potential pattern differentiation (32). Trial-wise regressors 
were derived at the stimulus level by collapsing across all presenta-
tions of each image per run. The resulting onsets were then applied to 
GLMs run on native space images for all participants. Using TDT 
functions, we then generated similarity matrices using pairwise, 
Fisher z-transformed Spearman correlation indices of A and C image 
category activation patterns across runs, within the following prereg-
istered ROIs: hippocampus, mPFC, perirhinal cortex, and parahip-
pocampal cortex. Within each ROI, we then extracted within-triad 
(A and C elements that were linked in the associative inference task) 
and across-triad (A and C elements that were not linked) pattern 
similarity values from the resulting similarity matrices, however, ex-
clusively for across run comparisons. We then examined the effects of 
stress and emotionality of the A elements, as well as the effect of 
linking (within versus across triad comparisons) applying LMMs. In 
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addition, we looked at pre- and postexposure phases individually ap-
plying LMMs that included the same factors. Last, we analyzed simi-
larity change across phases by subtracting preexposure similarity 
from postexposure similarity and subtracting across-triad similarity 
from within-triad similarity (32).

To assess local representational change within the preregistered 
ROIs, we applied a spherical searchlight approach (radius = 3 vox-
els). Within each participant’s native functional space, a searchlight 
sphere was iteratively centered on every voxel of the ROI masks. For 
each sphere, we extracted trial-wise activation patterns from the 
pre- and postlearning phases and computed all pairwise Pearson 
correlations between item-level patterns. Correlation coefficients 
were Fisher z-transformed and assembled into RSMs separately for 
each sphere.

From each RSM, we quantified within- and across-triad similari-
ties for items associated through prior learning (A-C pairs from the 
same or different triads, respectively). To ensure statistical indepen-
dence of activation patterns, all similarity estimates were restricted to 
comparisons between runs within the same phase. For each item 
pair, a change-in-similarity (Δ-similarity) score was computed as 
post- minus prelearning similarity. We then obtained, per sphere, the 
mean Δ-similarity for within- and across-triad comparisons, sepa-
rately for negative and neutral items.

The principal contrast of interest reflected the interaction be-
tween the linking structure (within versus across triads) and the 
emotional category (negative versus neutral). In additional analyses, 
we also computed a main linking contrast that collapsed across emo-
tional categories, quantifying the overall difference between within- 
and across-triad Δ-similarities regardless of valence.

To obtain voxel-wise significance maps, we implemented subject-
level nonparametric permutation testing. Within each searchlight 
sphere, within/across labels were randomly shuffled (preserving the 
number of pairs per condition) for 1000 iterations, and the contrast 
statistic was recomputed to generate a null distribution. The observed 
contrast value was compared against this distribution to obtain a two-
tailed P value, which was subsequently converted to a z-statistic. The 
resulting subject-level S, p, and z maps were saved in native space and 
then normalized to MNI space using each participant’s deformation 
field derived from anatomical preprocessing. Group-level inference 
on normalized z-maps was performed using voxel-wise one-sample 
t tests within SPM, and significant clusters were identified using 
voxel-wise thresholding (P < 0.01 uncorrected) and cluster-extent 
correction (P < 0.05, family-wise error corrected).

Supplementary Materials
This PDF file includes:
Supplementary Text
Tables S1 to S7
Figs. S1 to S5
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