
Predictions and declarative memory
encoding: two fMRI paradigms provide
slim pickings for SLIMM
Petar P. Raykov1,†, Kshipra Gurunandan1,†, Mahtab Moniri1, Avnee Jain1,
Andrea Greve1 and Richard N. Henson1, 2

1MRC Cognition and Brain Sciences Unit, Cambridge CB2 7EF, UK
2Department of Psychiatry, University of Cambridge, Cambridge, UK

 PPR, 0000-0002-2124-2995

Memory is often better for both highly unexpected and highly expected
information. To explain this U-shape relationship between memory and
expectancy, the SLIMM framework (schema-linked interactions between
medial prefrontal and medial temporal regions) appeals to two memory
systems: one involving the hippocampus and another involving the medial
prefrontal cortex (MPFC). Specifically, SLIMM predicts that these two brain
regions support opposite ends of the U-shape, with the hippocampus
supporting memory for unexpected events and the MPFC underpinning
memory for expected events. We tested these predictions in two functional
magnetic resonance imaging (fMRI) paradigms: one examined memory for
the location of objects within scenes (e.g. a toothbrush in a bathroom, either
on a sink, as expected, or on top of a bin, as not expected); the second
tested memory for words that completed well known idioms either in an
expected or unexpected fashion (e.g. ‘Don’t count your chickens before
they … hatch/cook’). Both paradigms replicated the predicted U-shaped
relationship between expectancy and memory performance. However,
neither study found the predicted interaction between expectancy and
subsequent memory (remembered versus forgotten trials) in terms of fMRI
activation at encoding in the a priori defined hippocampal and MPFC
regions of interest. We discuss the implications of these findings for
SLIMM, and how our results fit within the broader literature on expectancy
and memory.

This article is part of the theme issue ‘The role of hippocampal
predictions in cognition: bridging perception and memory’.

1. Introduction
Memory shapes our understanding of the world, enabling us to learn from
past experiences and anticipate future ones. One factor thought to influ-
ence learning and memory is prediction error—when incoming information
deviates from what we expect (e.g. see for reviews [1–4]). While this view
is supported by some studies [5–12], it contrasts with extensive evidence
that memory is often better for expected information [13–24]. This puzzle
may be reconciled by recent behavioural work, which has demonstrated
a nonlinear, U-shaped relationship between expectancy and memory, with
advantages for both highly unexpected and expected events [25,26]. However,
it remains unclear what brain mechanisms support this behavioural pattern.
Here, we introduce two novel functional magnetic resonance imaging (fMRI)
paradigms designed to compare brain correlates during the encoding that
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predict subsequent memory—or ‘subsequent memory effects’ (SMEs; [27,28])—as a function of expectancy.
The SLIMM framework (schema-linked interactions between medial prefrontal and medial temporal regions; [29]) propo-

ses two brain systems to explain the behavioural U-shape: the medial prefrontal cortex (MPFC) is hypothesized to support
encoding of expected information, by rapidly integrating it into existing knowledge structures, while the medial temporal lobe
(MTL)—particularly the hippocampus—are hypothesized to support encoding of unexpected, schema-incongruent information.
This framework predicts that MPFC should show a larger SME for expected events, while MTL regions should show a larger
SME for unexpected events. Additionally, SLIMM predicts that MPFC inhibits MTL in the presence of a schema, and so MPFC–
MTL functional connectivity should also vary with expectancy.

Previous fMRI studies have provided some support for SLIMM’s predictions. The most relevant is from van Kesteren et al.
[30], who found greater SMEs in MPFC for congruent object–scene pairs (e.g. a tennis racquet and a tennis court) and greater
SMEs in MTL for incongruent pairings (e.g. a tennis racquet and a swimming pool). However, participants’ memory perform-
ance increased linearly from incongruent to intermediate to congruent pairings. One reason for this lack of the behavioural
U-shape predicted by SLIMM could be that participants adopted a ‘generate-and-recognize’ strategy, in which they generated
scenes congruent with the object presented at test, and then tried to assess whether they had seen those scenes. Even though this
strategy would not uniquely identify the correct scene name (given that one of the two foils was also congruent), it would still
help discriminate them from the other foils in the case of congruent pairs, but not in the case of incongruent pairs. This is why
previous studies revealing a U-shape in memory performance have controlled for such retrieval-based strategies [25,26].

Other fMRI studies have provided indirect support for SLIMM. For example, Brod et al. [31] tested learning in medical
students and found that the SME in the hippocampus decreased with learning of schema-based associations (face–diagnosis
pairs), but not for arbitrary associations (face–name pairs) (see also [19]). More generally, Kumaran & Maguire [32] demon-
strated increased hippocampal activity for unexpected events. They showed sequences of eight objects in an ABCD–ABCD
format, and found greater hippocampal activation to the seventh object when it was unexpected (based on the first four, e.g.
ABCD–ABDC) than when it was expected (i.e. ABCD–ABCD). Although they did not test subsequent memory, this finding is
consistent with claims that the hippocampus is a generic mismatch or novelty detector [7,12,33–35]. Given this evidence, our
study specifically focuses on the hippocampus here, rather than MTL more generally.

The role of the MPFC in memory is well established in rodent and patient studies (see also [36]). For example, MPFC lesions
in rats eliminate the usual schema advantage for spatial learning [37], and patients with MPFC damage often struggle to use
script knowledge appropriately [17,38–43]. Human fMRI work similarly implicates the MPFC in processing schema-relevant
information [31,44–49]. While expectancy reliably activates the MPFC, fewer studies have tested how SMEs vary with expect-
ancy. One exception is van Kesteren et al. [50], who found greater MPFC activation during encoding of schema-consistent versus
inconsistent facts (see also [23,30,31,51,52]).

Finally, several studies have reported increased functional connectivity between the MPFC and MTL for expected or
unexpected information [51,53,54]. For instance, Bein et al. [51] found enhanced MPFC–hippocampus connectivity for unexpec-
ted items that were later remembered (see also [50]). Conversely, other studies have observed stronger MPFC–hippocampal
connectivity for expected items [54], or failed to find connectivity differences across varying levels of expectancy [55]. SLIMM
predicts that the activation of a schema should cause the MPFC to inhibit encoding processes in the MTL, such that MPFC–
hippocampal connectivity should be reduced during encoding of high-expectancy items.

In the present study, we ran two incidental encoding paradigms that manipulated expectancy with the same group of
participants, to examine whether SLIMM’s predictions generalized across different types of stimuli and tasks. To minimize
retrieval-based strategies, like the generate-and-recognize strategy mentioned above, or simple familiarity of repeated objects,
we used N-alternative forced choice (AFC) memory tasks, with the AFC lures chosen to have comparable levels of expectancy
(semantic congruency) to the target, and to be matched for its familiarity.

In the encoding phase of paradigm 1 (figure 1, top left), participants had to find objects placed in locations that varied in
expectancy based on prior knowledge, e.g. an alarm clock on a bedside shelf, as expected, or on top of a pillow, as unexpected.
This was a two-dimensional (2D) adaptation of a virtual reality paradigm that we used previously to demonstrate a U-shaped
function of expectancy [26]. Memory for the location of the object was tested with a 3-AFC task (figure 1, bottom left), where
the target scene was shown from a different angle (to minimize familiarity of the exact image) and the foils contained the target
object in different locations, but matched for expectancy. For instance, if a toothbrush were seen in an incongruent location (e.g.
on top of a bin), the lures would also show the toothbrush in other, equally incongruent locations (e.g. on top of the toilet, or
on the floor). This prevented participants from guessing the correct answer based on remembering whether the trial had been
surprising or expected. After their 3-AFC responses, participants provided subjective memory ratings, which were used to test
a secondary prediction of SLIMM, namely that recognition memory performance for unexpected items, but not expected items,
is driven by recollection processes rather than familiarity. Finally, participants rated the expectancy of each object–location they
had seen during the encoding phase, and these ratings were used to obtain participant-specific levels of expectancy.

In the encoding phase of paradigm 2 (figure 1, top right), participants read sentences (two-thirds of which were common
idioms, and one-third were neutral sentences) that were missing their final word. The final word was then depicted by an
image that showed either expected, unexpected or neutral content (e.g. ‘I’ve always believed a bird in the hand is worth two
in the … bush/car’). Participants evaluated the congruency of the picture and sentence. In the retrieval phase (figure 1, bottom
right), they completed a 3-AFC task that included foil images depicting the same word (e.g. different pictures of bushes, so
matched for congruency), and that had appeared in other trials/conditions (so were matched for familiarity). Source memory for
the sentences (the speaker of the sentence) was also tested after the study phase to again examine the secondary prediction of
SLIMM, namely that source memory would be better for unexpected sentences.

2

royalsocietypublishing.org/rstb 
Phil. Trans. R. Soc. B 381: 20250250

Downloaded from http://royalsocietypublishing.org/rstb/article-pdf/doi/10.1098/rstb.2025.0250/6151314/rstb.2025.0250.pdf
by guest
on 09 July 2026



To test the key predictions of SLIMM, we examined mean activation for each trial-type across voxels within two, a priori
regions of interests (ROIs): the hippocampus and MPFC (defined from independent data). More specifically, for each ROI, we
predicted an interaction between expectancy and the SME (the difference in activation according to whether a trial was later
remembered or forgotten), but in opposite directions: greater encoding-related activation for unexpected than expected trials in
the hippocampus, and greater encoding-related activation for expected than unexpected trials in MPFC. Furthermore, we tested
SLIMM’s prediction that the MPFC inhibits hippocampus during encoding of expected trials using beta-series regression (BSR),
a trial-level analysis of functional connectivity between ROIs.

To foreshadow our results, the behavioural data showed the predicted U-shape function of memory accuracy against
expectancy in both paradigms. However, we found no clear evidence for SLIMM’s predictions of an interaction between
expectancy and SME in neither the MPFC nor hippocampus. There was also no evidence that functional connectivity between
MPFC and hippocampus was modulated by expectancy. We discuss potential alternative explanations.

2. Methods
(a) Participants
The study recruited 46 participants aged 18–35 (mean age = 22.63 ± 4.10; 17 males and 29 females) who did both paradigms
in a single session. All participants were right-handed and native English speakers. Informed consent was obtained from all
participants and they were paid £40 for participation, in accordance with local University of Cambridge ethics approval CPREC
2020.018.

Our power analyses showed that 34 participants would provide 80% power to detect a within-participant medium effect size
of Cohen’s d = 0.5 when using a one-tailed test at α = 0.05.

(b) Stimuli
Each paradigm is summarized in figure 1, along with some example stimuli.

(i) Paradigm 1

This paradigm is a 2D adaptation of a three-dimensional (3D) virtual reality task [26]. We created 90 unique scene–object
pairings using ‘The Sims’ video game engine. The 90 semantically distinct objects were placed in 90 unique scenes (e.g.
kitchen/living room/bathroom), in locations that varied in their expectancy. For example, an alarm clock on top of a pillow
within a bedroom scene was typically rated as unexpected. For the memory test, we created two alternative lures for each
object–scene pairing and tried to match them on expectancy (e.g. alarm clock on a lamp and alarm clock on a high shelf),
based on ratings from an independent group of participants. Note, however, that the foils may not be perfectly matched from
the idiosyncratic perspective of any single participant in the present study (which would require the same participants to also
rate the congruency of every foil too, which would have taken a prohibitive amount of time). We created the stimuli in order
to have equal numbers of objects in three levels of expectancy: congruent, neutral or incongruent. Nonetheless, given likely
individual differences in expectancy, our analyses used each participant’s own congruency ratings (from a final debriefing
phase) as continuous predictors of memory.

(ii) Paradigm 2

We used 180 sentences (120 idioms and 60 non-idioms) such that we could manipulate the expectancy of the final word. That
final word was shown as a picture, which could be either expected, unexpected or neutral, based on the participant’s own
rating during the encoding phase. The sentences contained 8–15 words (or 51–62 characters), and were paired with images
of famous people as the supposed speakers of the sentence. There were three different images corresponding to each final
word, with one image appearing in each condition, so as to match the familiarity of the images used in the later AFC test.
Speaker–sentence pairs were fixed for all participants, but their assignment to the congruent/incongruent condition and their
sentence final images were counterbalanced across participants (six counterbalances).

(c) Procedure
In the scanner, the encoding phase of paradigm 1 was run first, followed by the encoding phase of paradigm 2. After removal
from the scanner, the retrieval phase of paradigm 2 was run first, followed by the retrieval phase of paradigm 1. While this
meant that the retention interval for paradigm 1 (approx. 150 min) was longer than for paradigm 2 (approx. 15 min), this
retrieval order was chosen because separate piloting of each paradigm had shown that paradigm 2 was slightly harder than
paradigm 1, so increasing the retention interval for paradigm 1 was expected to more closely match overall performance for the
two paradigms (though see §3).
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(i) Paradigm 1

The study phase consisted of 90 trials divided into two runs. In each trial, participants viewed a target object (e.g. clock)
presented on a pedestal in an empty room for 2 s. The object label was presented below it. This was followed by a presentation
of a scene that did not contain the target object for 2 s. The target object then appeared in a pre-defined location within the
scene. The object stayed on the screen for 2 s and the participant’s task was to press key 1 as soon as they had located the target
object. To ensure engagement with the task, there were four catch trials during which a red dot was overlaid on top of the
object. For these trials, participants were instructed to press key 2 instead. Finally, a green circle surrounded the object to ensure
participants saw the location of the object. This was followed by a fixation cross for 1.5 s, which then turned red for 0.5 s in
order to pre-empt the start of a new trial.

During the test phase outside the scanner, participants completed a 3-AFC associative memory test for all 90 object–scene
pairs. Each trial presented three versions of the same object–scene pairing, differing only in the object’s location within the
scene. To prevent reliance on gist memory, lure locations approximately matched the original trial’s congruency (i.e. incongruent
targets had incongruent lures). Furthermore, the target location (e.g. clock on pillow) was shown from a different camera angle,
to minimize familiarity for a specific image, i.e. particular viewing angle. Participants had 6 s to respond, and then rated their
response as ‘Remember’, ‘Familiar’ or ‘Guess’ (based on instructions from [56]).

In a final debriefing, participants viewed the original object–scene pairs again, and rated expectancy on a visual analogue
scale (−100 = unexpected, to 100 = expected). These values were used to define expectancy for each trial and participant.

(ii) Paradigm 2

The study phase consisted of 180 trials divided into four runs. On each trial, participants saw first a fixation cross (1 s) and then
the image of a famous person in the centre of the screen (1 s), followed by the speaker and sentence frame together, with the
final word blanked out (6 s). Participants then saw an image representing the sentence final word and had to decide whether the
ending was ‘expected’, ‘unexpected’ or ‘neither’ (4 s).

Outside the scanner, participants performed two 3-AFC memory tasks with 180 trials each. On each trial of the first
‘associative memory’ task, participants saw a previous sentence frame and had to choose the correct sentence final image
from three previously seen images of the same word (i.e. matched for familiarity), and indicate high or low confidence in
their response. In the second ‘source memory’ task, participants saw the previous sentences again, and had to pick the correct
speaker from three previously seen speakers.

Note that expectancy ratings were acquired after the encoding and retrieval phases in paradigm 1, but during encoding in
paradigm 2. A problem with acquiring ratings after retrieval (as in paradigm 1) is that they might be influenced by memory
for the encoding trial. However, a problem with acquiring ratings during encoding (as in paradigm 2) is that making the
expectancy dimension explicit might modulate its effects on memory (e.g. if the rating detracts from normal encoding, or affects
the amount of semantic elaboration). This is why we deemed it important to find the U-shape in both paradigms, suggesting
that it is not contingent on the manner in which expectancy was defined.

(d) Magnetic resonance image acquisition
Only the encoding phases were performed in the scanner, with paradigm 1 preceding paradigm 2. All data were acquired on
a 3 T Siemens Prisma scanner with a 32-channel head coil. A T1-weighted high-resolution structural image was acquired with
a 3D magnetization-prepared rapid gradient echo (MPRAGE) sequence and parameters repetition time (TR) = 2.25 s, echo time
(TE) = 3.02 ms, 9° flip angle, field of view (FOV) = 192 × 256 mm, and 1 mm isotropic voxels. This was followed by two runs for
the study phase of paradigm 1, each lasting approximately 8 min, and four runs for the study phase of paradigm 2, each lasting
approximately 9 min. Blood oxygen level-dependent (BOLD)-weighted functional images were acquired with a gradient-echo
echo planar imaging (EPI) sequence with 58 near-axial slices with in-plane resolution of 3 × 3 mm and thickness of 2 mm with
no slice gap and interleaved acquisition (TR = 1.87 s, TE = 25 ms, flip angle = 75°, FOV = 192 × 192 mm, multiband acceleration
factor of 2). Fieldmap data were acquired using a dual-echo gradient echo sequence (TR = 561 ms, TE1 = 4.86 ms, TE2 = 7.32 ms,
3 × 3 × 2 mm voxels), collected in-between the two paradigms.

(e) Image pre-processing
All imaging data were pre-processed using standard pre-processing pipelines as implemented in fMRIPrep 21.0.1 [57], which
is based on Nipype 1.6.1 [58]. In short, T1- and BOLD-weighted images were skull-stripped and the T1-weighted image was
registered to the MNI152 template. The BOLD-weighted images were slice-time corrected, motion corrected, susceptibility
distortion corrected, co-registered with the high-resolution structural and registered to the MNI152 template. BOLD-weighted
images were not smoothed for the main ROI analyses but a 6 mm full width at half maximum (FWHM) Gaussian smoothing
kernel was applied for whole-brain exploratory analyses.

(f) Regions of interest definition
Given the predictions of SLIMM, we focused our analyses on two ROIs: hippocampus and MPFC (see figure 4). Both ROIs
were defined a priori, and used for both paradigms. The hippocampal ROI was defined based on a high-field sub-cortex atlas
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that used resting state functional connectivity gradients to delineate sub-cortical nuclei boundaries [59]. For the MPFC ROI, we
created an 8 mm sphere around the peak coordinates of the van Kesteren et al. [30] study, which found interaction between
congruency and subsequent memory effects.

(g) Behavioural analysis
For behavioural data, we fitted a logistic mixed effect model predicting memory accuracy on each trial from a second-order
polynomial expansion of the subjective expectancy ratings (continuous in paradigm 1, and three levels in paradigm 2), along
with random intercepts and slopes for each participant, i.e.:

Memorypt ∼ f{poly(Expectancypt, 2) + (poly(Expectancypt, 2) ∣ Participantp)},

where p indexes participant, t indexes trial and f is a logistic linking function.
When breaking down memory by Remembered versus Familiar responses in paradigm 1, we estimated recollection by

replacing ‘Memory’ above with ‘Remembered’, and estimated familiarity by replacing ‘Memory’ with ‘Familiar’ and removing
Remembered trials (as in [26], i.e. assumed recollection and familiarity are independent processes).

We also examined whether the order of item presentation in paradigm 1 was associated with expectancy ratings and
memory, in case expectancy ratings decreased over time as the experiment progressed. We found no evidence that the order of
presentation was associated with the expectancy ratings (see electronic supplementary material).

(h) Functional magnetic resonance imaging time-series models
We used a general linear model (GLM), in which neural components for each trial-type were convolved with a canonical
haemodynamic response function (HRF) using SPM (paradigm 1) and Nilearn (paradigm 2). Details of the neural components
of each trial are described for each paradigm in the following sections. Additional confound regressors included a high-pass
filter with a cut-off of 1/128 Hz, the six motion parameters, framewise displacement (FD) and the average signal in white matter
(WM) and cerebrospinal fluid (CSF) masks as computed by fMRIPrep.

(i) Paradigm 1

To model the neural effects of interest, target object onsets were modelled by delta functions, separately for remembered and
forgotten trials. The height of these delta functions was modulated by each participant’s Z-scored expectancy rating. These were
then convolved with a canonical HRF. Additional regressors of no interest were created from convolving delta functions at the
onset of the empty scene at the start of each trial (regardless of object memory) and the onset of the red dot for rare catch trials.

(ii) Paradigm 2

To model the neural effects of interest, a delta function was used at the onset of the picture that ended the sentence, split
according to whether it was remembered or forgotten, and whether it was expected, unexpected, or neither. All regressors
were convolved with a canonical double gamma HRF function matching the default option used in SPM. Additional regressors
of no interest were created for the speaker onset, modelled with delta function, and the sentences, modelled with 6 s boxcar
regressors, separately for idiom and non-idiom sentences.

(i) Whole-brain and regions of interest (least squares unitary trial-averaged encoding models)
For the whole-brain analysis, we used a standard ‘least squares unitary’ (LSU) model, estimating mean responses for each
trial-type, weighted across runs by trial count. Planned contrasts tested: (i) main effect of Remembered versus Forgotten (i.e.
SME); (ii) main effect of expectancy (the parametric modulation in paradigm 1, and the Expected versus Unexpected contrast,
averaged over memory, in paradigm 2), and (iii) interaction between SME and expectancy. The resulting contrast value for each
participant was entered into a one-sample t-test that treated the participant as the only random effect. We applied threshold-free
cluster enhancement (TFCE) using 5000 permutations through the ‘randomize’ function [60] to correct for multiple comparisons
(see figure 3).

For the ROI analyses, the same factorial contrasts were estimated, and Bayes factors computed with the BayesFactor package,
using a default Cauchy prior with a scale of 0.707 [61]. These produced the plots shown in figure 4.

(j) Supplementary regions of interest analyses (least-squares separate trial-wise encoding and decoding models)
The standard LSU approach averages over trial-level variability and predicts brain activity from psychological factors, as
is typical in ‘encoding’ models. For the beta-series regression (BSR), we estimated trial-wise activity using a ‘least-squares
separate’ (LSS) approach, where a separate GLM is fitted for each trial [62,63]. The resulting trial-wise estimates allowed us
not only to examine functional connectivity, but also to run mixed effect encoding models that include both trial-level and
participant-level variance (see Supplementary figure S3). All predictors in all models were Z-scored.
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However, the SLIMM’s main prediction is that the U-shape function of memory is explained by two brain systems, which is
essentially a decoding model, with the outcome variable being behaviour rather than brain activity. Therefore, in the electronic
supplementary material, we also report a trial-wise, logistic mixed-effect model, where we predicted memory performance as
a function of both MTL and MPFC activity and their interactions with expectancy (Memory ~ MTL ∗ Expectancy + MPFC∗ Expectancy + (Expectancy|Participant)). While none of these models furnished support for the SLIMM predictions, the
electronic supplementary material results demonstrate different effects depending on whether one uses encoding or decoding
models (owing to covariance between multiple independent variables and different error terms; see Discussion (§4) for further
consideration of this issue).

(k) Beta-series regression
Finally, to test SLIMM’s prediction that MPFC inhibits MTL as expectancy increases, we fitted the BSR model:

MTLpt ∼ MPFCpt ∗ Expectancypt + (Expectancypt ∣ Participantp) .

The main effect of MPFC on MTL is likely to be positive (e.g. owing to variations in attention affecting activity in both ROIs),
but SLIMM predicts a less positive relationship when expectancy is high, because MPFC suppresses MTL (i.e. a negative
interaction term). Note that the main effect of expectancy is not of interest here, since it is captured by the encoding model
above.

3. Results
(a) Behavioural results
We excluded 11 participants in paradigm 1 for whom permutation testing showed that their AFC memory performance was
not above chance (leaving n = 35). This relatively large proportion of exclusion is likely because the scanner-version of this
paradigm entailed a longer retention interval than its piloted version (owing to the interjection of encoding and test phases
of paradigm 2; see Procedure §2c), resulting in worse performance than expected. While this may affect generalization of the
results of paradigm 1 to a more typical population, this exclusion is important for trial-based subsequent memory analyses that
remembered responses include more than just guesses.

For paradigm 2, six participants were excluded: three with technical issues, two who did not complete the task, and one for
whom permutation testing showed chance-level AFC performance (leaving n = 40).

(i) Paradigm 1

Responses on the 3-AFC task that participants reported as guesses were treated as forgotten trials. For the primary outcome
of 3-AFC associative memory, participants showed average memory performance of M = 55.9% (s.d. = 0.07%), which was
significantly above the chance level of 33%, t34 = 18.84, p < 0.001 (though this is biased by removal of participants who
performed at chance level; see Methods (§2)). The logistic mixed effects models revealed the predicted U-shaped function of
memory against expectancy (figure 2, left), with a significant quadratic effect of expectancy (β = 0.12; 95% CI [0.04, 0.23]; z = 3.04;
p = 0.002), but no significant linear component (β = 0.11; 95% CI [−0.005, −0.23]; z = 1.87; p = 0.06). In the electronic supplementary
material, we show that participants had quicker reaction times during encoding for expected trials, but this effect did not differ
between remembered and forgotten trials, and the U-shape function of memory remained significant even when including
Reaction Time (RT) as a confounding variable.

We additionally tested the secondary prediction of the SLIMM model that recollection processes would be particularly
engaged for unexpected items. For the subjective memory ratings provided after each trial, 27% of responses were Remember,
41% were Familiar and 32% were Guess. Assuming recollection and familiarity are independent (see Behavioural analysis), we
found a U-shaped effect of expectancy for recollection, but no effect of expectancy on familiarity (electronic supplementary
material, figure S1). This does not correspond to SLIMM’s predictions, but is consistent with our previous study [26].

(ii) Paradigm 2

Mean accuracy on the 3-AFC memory task, after recoding guesses as forgotten, for sentence-ending images was 53.0% (s.d.
= 12.6%), significantly above chance, t39 = 26.5, p < 0.001. As predicted, memory showed a significant quadratic effect of
expectancy (β = 0.25, 95% CI [0.19, 0.32], z = 7.48, p < 0.001). The linear component was also significant (β = 0.42, 95% CI [0.32,
0.51], z = 8.49, p < 0.001), with generally better memory for Expected trials (see figure 2). Pairwise comparisons confirmed that
Expected trials were remembered better than Neither trials (β = 1.09, z = 9.83, p < 0.001), although evidence that Unexpected
trials were also remembered better than Neither trials did not reach significance (β = 0.13, z = 1.54, p = 0.12). As in paradigm 1,
including reaction time at encoding did not affect the memory results (see electronic supplementary material).

Mean accuracy on the 3-AFC source (‘speaker’) memory did not show any effects of expectancy (see electronic supplemen-
tary material, figure S2).
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(b) Whole-brain analyses
Figure 3 shows the supra-threshold clusters from the whole-brain analysis for the interaction between memory and expect-
ancy—the main prediction of SLIMM—as well as the main effects of memory and expectancy.

No cluster showed a significant interaction between memory and expectancy in paradigm 1. In paradigm 2, there were
bilateral clusters in the temporal sulcus and supramarginal cortex (plus more ventral temporal cortex and superior parietal
cortex in the right hemisphere; top right panel of figure 3), which showed greater SMEs for expected than unexpected trials.
A cluster in the anterior right hippocampus (10 voxels, with peak MNI coordinates of (32, −18, −16)) also showed the same
interaction, but this was in the opposite direction to that predicted by SLIMM.

Despite the lack of strong evidence for the interactions predicted by SLIMM, the main effects of subsequent memory showed
several large clusters that were similar across paradigms (middle row of figure 3), with encoding-related activations in bilateral

Figure 1. Design schema for both paradigms. In paradigm 1 (left), participants learned objects in scene pairs with varied levels of expectancy (unexpected in this
example). Memory was tested with a 3-AFC recognition memory task that had expectancy-matched lures. To reduce the influence of familiarity with the target image
itself, the target scene–object pair was presented from a different viewing angle. In paradigm 2 (right), participants first saw a picture of a famous person, acting as
a speaker, followed by an incomplete sentence, which was completed after 6 s by a nameable image depicting a known concept (e.g. bush), which acted as the final
word of the sentence. Participants were instructed to predict the ending of the sentence. Sentences were taken from idioms or non-idioms. Participants rated whether
the image completing the sentence (e.g. bush) was ‘expected’, ‘unexpected’ or ‘neither’. For instance, ‘bush’ might be expected ending for the first idiom (‘two in the
bush’), unexpected as the ending of the wrong idiom ‘ball is in their bush’, or neither/neutral for the last sentence ‘hiding in the bush’. The bush images all acted as
lures for the 3-AFC tests, in order to match for familiarity. Assignment of sentence-ending images to different conditions was counterbalanced between participants.
Outside the scanner, participants performed two surprise 3-AFC tasks with lures matched for familiarity. Participants provided continuous expectancy ratings for the
object–scene pairs in paradigm 1 after all memory tests were completed.

Figure 2. Behavioural memory performance. Left subplot shows raw accuracy (dots, jittered vertically by subject) and predicted (mean plus 95% confidence intervals)
memory performance for paradigm 1 using second-order polynomial expansion of expectancy. Red dashed line shows chance performance. Right subplot shows
condition-averaged memory performance for paradigm 2. In both paradigms, memory was better for highly unexpected and expected items compared with items with
mid-level expectancy.
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ventral (e.g. fusiform) and dorsal (e.g. posterior lateral parietal) visual streams (plus left prefrontal cortex in paradigm 2), and
encoding-related deactivations in medial frontal and medial parameter clusters. These patterns are similar to those expected
from the literature (e.g. [27,28]), suggesting that both paradigms and their data were sufficient to identify memory-related
activity.

Finally, paradigm 1 did not show much for the main effect of expectancy (apart from a small cluster in early visual cortex
showing greater activation for expected trials), while paradigm 2 showed stronger effects of expectancy, the most notable
of which were activations in lateral parietal and lateral temporal regions, and deactivations in bilateral posterior prefrontal
regions.

(c) Activation differences within regions of interests (trial-averaged encoding models)
Here we focused on two a priori, independently defined ROIs key to the SLIMM framework. figure 4 shows results from
contrasts from the trial-averaged encoding model, in which the mean activation across trials of each type (and across voxels
within each of the two ROIs) is shown for each of the three factorial effects of interest. Results for the analogous trial-wise
encoding model (based on single-trial estimates) are shown in the electronic supplementary material.

Figure 3. Whole-brain clusters surviving threshold-free cluster enhancement correction for paradigm 1 (left) and paradigm 2 (right), for each of the three factorial
effects of interest (rows). Top left is blank as no regions survived correction. Top row corresponds to the critical schema-linked interactions between medial prefrontal
and medial temporal regions (SLIMM) hypothesis of memory-by-expectancy interaction, where warm colours in paradigm 2 indicate a greater subsequent memory
effect (SME) for expected trials; no clusters survived correction in paradigm 1. The second row shows clusters with greater activation (warm colours) for subsequently
remembered trials (averaged across expectancy), and greater activation (cool colours) for subsequently forgotten trials. The final row shows clusters whose activation
increased (warm colours) or decreased (cool colours) with expectancy (averaged across memory).
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(i) Hippocampal regions of interest

In paradigm 1, none of the three planned comparisons reached significance: there was no evidence of linear modulation of
hippocampal activity by expectancy (t34 = −0.53, 95% CI [−0.08, 0.05], p = 0.59, BF10 = 0.21), no evidence for an SME (t34 = 1.43,
95% CI [−0.04, 0.22], p = 0.16, BF10 = 0.46), and critically for SLIMM, no evidence that the SME was bigger for surprising trials,
i.e. no evidence for an interaction between expectancy and memory (t34 = −0.09, 95% CI [−0.14, 0.13], p = 0.92, BF10 = 0.18). In the
latter case, the BF for the null (BF = 1/0.18 = 5.55) approached strong evidence for no interaction.

In paradigm 2, there was a significant main effect of expectancy, but with higher activation for expected over unexpected
trials, contrary to SLIMM (t39 = 4.53, 95% CI [0.29, 0.76], p < 0.001, BF10 = 430.25). More importantly, there was no significant
SME (t39 = 0.37, 95% CI [−0.15, 0.22], p = 0.71, BF10 = 0.18), nor significant interaction (t39 = 1.60, 95% CI [−0.03, 0.24], p = 0.12, BF10
= 0.55). If anything, there was a trend for the opposite interaction to that predicted by SLIMM, with larger SME for expected
than unexpected trials (resembling the right hippocampal cluster in the whole-brain analyses).

(ii) Medial prefrontal cortex regions of interest

In paradigm 1, we again did not observe the critical interaction between memory and expectancy (t34 = 0.30, 95% CI [−0.24, 0.33],
p = 0.77, BF10 = 0.19). However, we did observe a main effect of memory (Memory: t(34) = −3.12, 95% CI [−0.78, -0.17], p = 0.003,
BF10 = 10.12), with reduced activation for Remembered than Forgotten trials, but no linear effect of expectancy (Expectancy: t34 =
−0.57, 95% CI [−0.21, 0.12], p = 0.57, BF10 = 0.21).

In paradigm 2, we again found a significant main effect of Memory (t39 = −2.84, 95% CI [−0.82, −0.13], p = 0.007, BF10 = 5.49),
with reduced activation for remembered trials, like paradigm 1. Unlike paradigm 1, there was also a significant main effect of
Expectancy (t39 = 4.59, 95% CI [0.71, 1.82], p < 0.001, BF10 = 506.35), with greater activation for expected trials. Again, however,
we did not find a significant interaction between Memory and Expectancy (t39 = 0.93, 95% CI [−0.21, 0.58], p = 0.36, BF10 = 0.25).

Figure 4. Planned comparisons of mean activation within hippocampal and medial prefrontal cortex (MPFC) regions of interest (rows) and paradigm (columns). Each
point and line represents the contrast estimate for one participant for: (i) the main effect of expectancy, (ii) the main (linear) effect of memory (SME), and (iii) the
interaction between these two factors, respectively. Note that for paradigm 1, the expectancy factor represents the linear slope across 200 levels, whereas in paradigm
2 it reflects the difference between expected and unexpected endings to idioms; both based on participant’s individual ratings. MTL, medial temporal lobe. **: p <
0.01; ***: p < 0.001
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(iii) Memory predicted by both regions of interests (decoding models)

We also fitted a decoding model in which we combined hippocampal and MPFC activations to predict trial-wise memory
performance (using a logistic mixed effects model; see Methods (§2) and electronic supplementary material). This is a more
relevant test of SLIMM’s prediction that the U-shaped function of memory against expectancy derives from two memory
systems: an MTL one that encodes unexpected events and an MPFC one that encodes expected events. As in the previous
analysis (see figure 4), there was no interaction effect. However, now both MPFC and MTL showed significant SME effects,
unlike the above individual-ROI encoding models, highlighting the need for careful consideration when constructing statistical
models of brain–behaviour relationships. For full statistics, see the electronic supplementary material.

(iv) Connectivity between regions of interests

Finally, SLIMM also predicts that functional connectivity between MPFC and hippocampus should differ as a function of
expectancy: specifically, that the more expected a trial, the more MPFC should inhibit the hippocampus. We tested this using
BSR, in which trial-wise activation in the hippocampal ROI was predicted by the trial-wise activation in MPFC, by expectancy,
and by the interaction between these two.

In paradigm 1, there was a significant main effect of MPFC (β = 0.36, 95% CI [0.29, 0.43], t29.11 = 10.54, p < 0.001), which
reflected a positive correlation between ROIs, which is expected since there are many factors (such as attention) that vary
over trials and affect many brain regions similarly. Importantly, there was no evidence that this connectivity decreased during
expected trials, i.e. no evidence for an interaction (β = −0.002, 95% CI [−0.03, 0.03], t1468.18 = −0.15, p = 0.88). The same pattern was
seen in paradigm 2, with a significant positive main effect of MPFC (β = 0.45, 95% CI [0.38, 0.52], t(39.7) = 13.72, p < 0.001) but no
evidence that this interacted with expectancy (β = −0.008, 95% CI [0.38, 0.52], t(37.8) = −0.57, p = 0.57).

4. Discussion
To investigate the predictions of the SLIMM framework at encoding, we used two fMRI paradigms with the same participants,
testing encoding-related activation in the hippocampus and MPFC as a function of expectancy. In one paradigm, expectancy
was manipulated spatially by presenting objects in either expected or unexpected locations within a room, while in the other,
expectancy was manipulated through the predictability of final words in idiomatic sentences. Both paradigms used AFC
recognition memory paradigms with lures matched as well as possible for congruency and familiarity, which is important to
control for retrieval strategies that might bias effects of expectancy [64], and that may have obscured the U-shape function of
expectancy/congruency in some other studies.

Consistent with the SLIMM framework and previous behavioural research, both paradigms revealed better memory
for highly expected and highly unexpected associations compared with moderately expected ones, confirming a U-shaped
relationship between memory and expectancy. However, we failed to find evidence that this behavioural pattern was driven
by differential engagement of MPFC and hippocampus, i.e. SLIMM’s predictions that MPFC supports encoding of expected
associations and the MTL (hippocampus) supports encoding of unexpected associations. Neither ROI showed an interaction
between expectancy and subsequent memory, regardless of analysis type, i.e. whether using encoding models (predicting fMRI
activation from memory) or decoding models (predicting memory from fMRI activation), and regardless of analysis level, i.e.
including both trial-averaged and trial-wise (mixed effects) models.

Whole-brain analyses replicated some well established subsequent memory effects (SMEs) in regions including MPFC, but
interestingly not the hippocampus. This absence of hippocampal SME is surprising given that it is consistently observed in
other studies (e.g. [27,65–67]). Considering our successful replication of SMEs in other regions—e.g. positive SMEs in ventral
temporal regions and negative SMEs in posterior medial and MPFC regions [27,28,66–68]—our data and analyses seem valid.
One possibility is that our anatomically defined hippocampal ROI was too broad, masking sub-regional effects. Nonetheless, in
a combined decoding model in which memory activity was predicted by both hippocampal and MPFC ROIs, we did observe
a significant SME of both ROIs: a positive effect of hippocampal activity on memory accuracy and a negative effect of MPFC
activity, consistent with the prior literature. In other words, once other sources of variance were accounted for, the hippocampus
did show a positive SME (see Methodological considerations (§4a) for further discussion of different statistical models).

The results for the main effect of expectancy differed between paradigms. In paradigm 1, neither ROI nor whole-brain
analysis revealed clear effects of expectancy, possibly owing to any surprise diminishing over the course of the experiment
as participants adapted to seeing objects in odd locations. However, we found no evidence for order effects in paradigm 1,
suggesting expectancy ratings did not decrease as the experiment progressed (see electronic supplementary material, figure
S4). Moreover, the expectancy range was sufficient to modulate behavioural memory performance (i.e. produce the U-shaped
function). In contrast, paradigm 2 elicited strong expectancy effects in whole-brain and ROI analyses, likely owing to more
salient violations (unexpected completions of idioms), a higher number of trials and/or a longer trial duration that allowed
participants to form stronger predictions. In this paradigm, both MPFC and hippocampus showed greater activation for
expected trials. While the MPFC findings are consistent with SLIMM, the hippocampal activation is opposite to what is
predicted by its proposed role in detecting unexpected events.

Both paradigms used a relatively short delay between encoding and retrieval phases (maximum 2.5 h). Prior work has
shown expectancy effects on memory after a delay of a day or more [21,29,69–73]. Some of this work found that memory for
incongruent items was better than memory for congruent items after a delay [21]; however, other work found the opposite
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effect, suggesting that longer delays increase the reliance on existing schemas [69,71,72,74–77]. Further examination of the
interaction between delay and expectancy is needed, and would be theoretically informative, e.g. in terms of effects of expect-
ancy on consolidation. Nonetheless, we note that, despite the relatively short delay used here, we were able to see the predicted
behavioural U-shape function. This suggests our delay was sufficient to test the neurobiological predictions of the SLIMM
framework.

One possible explanation for our lack of hippocampal activation to unexpected trials comes from a recent study by Aitken
& Kok [78], who investigated how the hippocampus acquires predictive associations between visual shapes. In the early stages
of learning, hippocampal activity predominantly reflected unexpected stimuli, consistent with the representation of prediction
errors. However, when exposure to the predictive cues was extended, hippocampal representations gradually shifted to reflect
the predicted shapes, regardless of whether they were actually presented, suggesting a transition from error-driven encoding to
prediction-based retrieval. These findings suggest that the hippocampus flexibly balances encoding and retrieval depending on
the stage of learning, and a similar shift may have occurred in our study, averaging out over time.

A related possibility is that the hippocampus responds differently depending on the nature of the violated expectations.
Varga et al. [79] recently showed that hippocampal responses to prediction errors vary depending on whether the expectation
was derived from episodic memory (i.e. prior experiences) or schematic knowledge. According to this view, hippocampal
activation may reflect episodic retrieval triggered by a prediction error, rather than the error signal itself (e.g. [80]). This
interpretation is consistent with our pattern of results and may reconcile some mixed findings in the literature, where some
studies report stronger hippocampal responses to expected events, while others find the opposite [17,54,81].

Turning to functional connectivity, we were not able to find evidence for SLIMM’s further prediction that coupling between
MPFC and hippocampus varies as a function of expectancy. BSR revealed no modulation of connectivity by expectancy. This
null finding may reflect an incorrect prediction of SLIMM, or limitations of BOLD fMRI in detecting underlying inhibitory
mechanisms, or it could be that other unmeasured factors, such as trial-to-trial variability in attention, might have obscured
subtle connectivity changes.

Finally, we tested SLIMM’s additional behavioural prediction that unexpected events enhance recollection or source memory,
but found no support for this. In paradigm 1, recollection was greater for both expected and unexpected trials compared with
neutral ones, mirroring the U-shaped pattern. This replicates earlier findings [26] and may reflect the spatial demands of the
object-location task, which may enforce recollection. In contrast, paradigm 2 showed no effect of expectancy at all, in terms
of source memory for the speaker. One possibility is that participants encoded the speaker as an integral part of the core
event, rather than as incidental context. Alternatively, these discrepancies might suggest that SLIMM’s predictions are overly
simplistic. Recent work (e.g. [82]) indicates that retrieval factors also shape the effects of expectancy on memory, which could
explain the dissociation observed here between behavioural effects and encoding-related neural effects. Future studies could
investigate neural effects of expectancy during retrieval to test this possibility more directly.

(a) Methodological considerations
An important methodological insight from this work was the realization that to test SLIMM’s prediction that the U-shaped
memory function arises from two distinct brain systems (one supporting encoding of expected events and another supporting
the encoding for unexpected events) requires a decoding model (where behaviour is predicted from brain activity) rather than
an encoding model (where brain activity is predicted from behaviour). More specifically, we needed a decoding approach where
memory performance is predicted from neural activity across multiple ROIs. Interestingly, the combined-ROI decoding model
successfully identified subsequent memory effects in both the MPFC and hippocampus, even though an SME effect was not
evident when the hippocampal ROI was analysed independently. This suggests that some subtle neural signals might only
emerge when the contributions of multiple brain regions to behaviour are considered.

More generally, a causal inference approach to modelling (e.g. [83]) conceptualizes brain activity to cause behavioural
outcomes, rather than vice versa. Traditionally, neuroimaging studies, particularly those focused on brain mapping, have used
encoding models with brain activity as the dependent variable. However, behaviour is likely driven by coordinated activity and
interactions across multiple brain regions, a complexity that is rarely addressed explicitly. Although multi-voxel pattern analysis
(MVPA) achieves decoding across many voxels, the interpretations usually remain limited to the level of an individual ROI,
rather than broader network dynamics.

5. Conclusion
Overall, while two distinct fMRI paradigms provided behavioural support for SLIMM’s predicted U-shaped relationship
between expectancy and memory, they did not shed much insight on the underlying neural mechanisms. Contrary to SLIMM’s
hypothesis, we did not find a differential encoding-related activity of the hippocampus and MPFC for unexpected versus
expected information, respectively. More generally, the lack of hippocampal activity in our findings may reflect its sensitivity
to task demands, the specific nature of expectancy violations and/or the limitations of standard-resolution imaging. Beyond
encoding-related activity, future research should also examine post-encoding and retrieval-related activity, as these processes
may play a critical role in shaping the effects of expectancy on memory.

Ethics. Ethics approval for the project was provided by the University of Cambridge Ethics Committee CPREC 2020.018. Informed consent was
obtained from all participants and they were paid £40 for participating in the study.
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