
iScience

Article

ll
OPEN ACCESS
Inhibitory temporo-parietal effective connectivity is
associated with explicit memory performance in
older adults
Björn H. Schott,

Joram Soch,

Jasmin M.

Kizilirmak, ...,

Gabriel Ziegler,

Magdalena

Sauvage, Anni

Richter

bjoern-hendrik.schott@dzne.de

Highlights
Older adults show reduced

deactivations of the

precuneus during memory

encoding

Encoding-related

temporo-parietal effective

connectivity was modeled

with DCM

Older adults exhibit

reduced inhibitory

connectivity from the PPA

to the precuneus

Preserved inhibitory

connectivity is associated

with memory performance

Schott et al., iScience 26,
107765
October 20, 2023 ª 2023 The
Author(s).

https://doi.org/10.1016/

j.isci.2023.107765

mailto:bjoern-hendrik.schott@dzne.de
https://doi.org/10.1016/j.isci.2023.107765
https://doi.org/10.1016/j.isci.2023.107765
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2023.107765&domain=pdf


OPEN ACCESS

iScience ll
Article

Inhibitory temporo-parietal effective
connectivity is associated with explicit memory
performance in older adults

Björn H. Schott,1,3,6,7,11,* Joram Soch,1,2 Jasmin M. Kizilirmak,1,10 Hartmut Schütze,4,5 Anne Assmann,4,5

Anne Maass,4 Gabriel Ziegler,4,5 Magdalena Sauvage,3 and Anni Richter3,8,9
SUMMARY

Successful explicit memory encoding is associated with inferior temporal activations and medial parietal
deactivations, which are attenuated in aging. Here we used dynamic causal modeling (DCM) of functional
magnetic resonance imaging data to elucidate effective connectivity patterns between hippocampus, par-
ahippocampal place area (PPA), and precuneus during encoding of novel visual scenes. In 117 young
adults, DCM revealed pronounced activating input from the PPA to the hippocampus and inhibitory con-
nectivity from the PPA to the precuneus during novelty processing, with both being enhanced during suc-
cessful encoding. This pattern could be replicated in two cohorts (N = 141 and 148) of young and older
adults. In both cohorts, older adults selectively exhibited attenuated inhibitory PPA-precuneus conne-
ctivity, which correlated negatively with memory performance. Our results provide insight into the
network dynamics underlying explicit memory encoding and suggest that age-related differences in
memory-related network activity are, at least partly, attributable to altered temporo-parietal neocortical
connectivity.

INTRODUCTION

One of the core questions in the cognitive neuroscience of episodicmemory is why some experiences are encoded into stablememory traces

that can subsequently be retrievedwhile other experiences are forgotten. In functional magnetic resonance imaging (fMRI) studies of episodic

memory, this question is commonly investigated using the so-called subsequent memory approach.1 Since its first application to fMRI,2,3

numerous studies have convergingly shown that successful encoding robustly engages the medial temporal lobe (MTL) and particularly

the hippocampus (HC), as well as inferior temporo-occipital regions like the parahippocampal place area (PPA), prefrontal, and lateral parietal

cortices (for a meta-analysis, see4). On the other hand, structures of the cortical midline like the precuneus (Prc) and the medial prefrontal

cortex (mPFC), which form part of the default mode network (DMN), are associated with relative deactivations during successful versus un-

successful encoding.4,5

Memory performance almost invariably declines with increasing age,6 and this decline is accompanied by characteristic alterations in

memory-related network activations, including a reduced activation in inferior temporal cortices like the PPA and a reduced deactivation

or even atypical activation of the DMN, and particularly cortical midline structures such as the Prc5,7,8). Despite the robustness of these find-

ings, the neural mechanisms underlying the relatively higher DMN activity during encoding still remain unclear. They may reflect increased

reliance on DMN-dependent cognitive processes like self-referential or prior knowledge-dependent information during encoding5 or a

reduced ability to suppress unwanted DMN activity, reflecting lower processing efficiency or specificity.9–11

One potential mechanismmediating encoding-related hyperactivation of DMN structures in older adults could be increased excitatory or

decreased inhibitory connectivity within the temporo-parietal memory network. The HC is highly interconnected with distributed neocortical

regions,12 and previous studies have highlighted both the importance of hippocampal-neocortical connectivity for successful memory forma-

tion13–18 and the susceptibility of memory-related network connectivity to age-related alterations.13,19
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Figure 1. Experimental paradigm and design of the DCM study

During fMRI scanning, participants underwent an incidental visual memory paradigm. We used the novelty response to all novel pictures as driving input to the

PPA and generated a parametric memory regressor by parametrically modulating the novelty response with the arcsine-transformed response in the delayed

recognition task. The thus obtained memory regressor served as potential contextual modulator of the connections between the PPA, the hippocampus

(HC), and the precuneus (Prc).
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Most functional connectivity measures, however, do not normally allow inferences about the directionality of information flow or about its

excitatory versus inhibitory nature. Such information can be deduced fromanalyses of effective connectivity, such asGranger causality analysis

or dynamic causal modeling (DCM),20 but these approaches have thus far rarely been used in the context of memory encoding in older adults.

Results fromprevious studies suggest that prefrontal-hippocampal effective connectivity becomes less task-specific in older adults withmem-

ory impairment21 and that age-related deficits in HC-dependent navigation learning may be explained by higher HC excitability in older

adults.22 However, no studies have thus far characterized the encoding-related information flow between the HC and the brain structures

that show the most prominent age-related under-recruitment (i.e., inferior temporal structures involved in stimulus processing, and particu-

larly the PPA) and over-recruitment (i.e., DMN structures, and particularly the Prc), respectively.

In the present study, we used DCM on fMRI data acquired during a visual memory encoding paradigm, in which novel photographs of

scenes were presented intermixed with familiar scenes and encoded incidentally via an indoor/outdoor decision task. Memory was tested

70 min later via an old or new recognition memory task with a five-step confidence rating8,23,24 (Figure 1). Successful memory formation

was associated with activation of the HC and the PPA as well as deactivation of the Prc in three independent cohorts (cohort 1: 117 young;

cohort 2: 58 young, 83 older; cohort 3: 64 young, 84 older; see Table 1). In two cohorts that included both young and older adults, we could

further replicate the previously reported age differences in memory encoding, with older adults showing reduced activation of the PPA but

relatively increased activity in the Prc (Figure 2), while young and older adults showed comparable involvement of the anterior HC in successful

encoding.5

Based on these findings, we analyzed patterns of effective connectivity between the HC and temporo-parietal memory network nodes

using the parametric empirical Bayes framework.25,26 We constructed a DCM model that included the HC, the PPA, and the Prc as regions

of interest (ROIs), exposure to novel stimuli as driving input to the PPA, and successful memory formation as a potential parametric modulator

at each connection between the three ROIs (Figure 1). The PPA is thought to process and analyze the novel scene, binding its elements and

incorporating the current context, which is then bound and encoded together by the HC.27 Therefore, we first hypothesized that successful

encoding would be associated with an up-regulation of information flow from the PPA to the HC. The Prc constitutes the core structure of a

parietal memory network (PMN) proposed by Gilmore, Nelson, and McDermott.28 The PMN has been associated with more pronounced re-

sponses to familiar compared to novel stimuli and with negative subsequent memory effects (or ‘‘subsequent forgetting effects’’) in young

adults,29 which are attenuated or even inverted in older adults.5 Based on those observations, we further hypothesized that successful memory

formation would be associated with a down-regulation of information flow (i.e., more pronounced inhibitory effective connectivity) to the Prc

from either the PPA or the HC.With respect to age effects, we further hypothesized that at least one of the aforementionedmechanisms—i.e.,
2 iScience 26, 107765, October 20, 2023



Table 1. Demographic and behavioral data, MRI acquisition parameters

Cohort 1 Cohort 2 Cohort 3

Demographics

Young

N 117 58 64

Age 24.37 (G2.60) 23.62 (G3.45) 24.45 (G4.46)

Gender (f/m) 57/60 28/30 37/27

Older

N – 83 84

Age – 65.20 (G6.71) 62.96 (G6.06)

Gender (f/m) – 48/35 52/32

MRI parameters

MRI scanner Siemens Verio Siemens Verio Siemens Skyra

Number of slices 40 47 47

TR/TE/flip-a 2.40 s/30 ms/80� 2.58 s/30 ms/80� 2.58 s/30 ms/80�

Voxel size 2 3 2 3 3 mm 3.5 3 3.5 3 3.5 mm 3.5 3 3.5 3 3.5 mm

Scanning time 494.4 s 531.5 s 531.5 s

Unwarping No yes yes

Memory performance

Young A0 0.81 G 0.075 0.83 G 0.073 0.82 G 0.068

Older A0 N/A 0.78 G 0.072 0.77 G 0.077

Young versus older N/A t121.8 = 4.45;

BF10 = 1417.21

t142.5 = 3.99;

BF10 = 203.62

Data are shown separately for each cohort.

Abbreviations: N, sample size; f, female; m, male; TR, repetition time; TE, echo time; flip-a, flip angle; A’, area under the curve in a ROC analysis of the recognition

memory test, reflecting behavioral accuracy (hits versus false alarms).
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enhanced information flow to theHC and inhibitory effective connectivity to the Prc—would be attenuated in older adults, which in turn would

be associated with poorer memory performance within the group of older adults. To this end, we performed correlational analyses between

connection strength and memory performance in the fMRI experiment (area under the curve, A0)30 and in additional, independent tests of

explicit memory.
RESULTS

In the three independent cohorts, a characteristic pattern of novelty-related effective connectivity and encoding-relatedmodulation could be

identified. In cohorts 2 and 3, we could further observe age-related reductions in PPA-Prc effective connectivity that correlated with memory

performance in the older participants.
Age differences in memory performance

Memory performance was defined as A0, that is, the area under the curve plotting hits (i.e., correctly recognized previously seen images)

against false alarms (i.e., new images incorrectly classified as previously seen), taking into account recognition confidence (see STARMethods

section for details). Table 1 (bottom) displays A0 separated by cohorts and age groups. In cohorts 2 and 3, we found strong evidence for lower

memory performance in older compared to young adults (cohort 2: t121.8 = 4.45; BF10 = 1417.21; cohort 3: t142.5 = 3.99; BF10 = 203.62). Gender

did not have a robust effect on memory performance in any cohort or age group (all BF10 < 0.91), with nominally opposing effects among the

older adults of cohorts 2 and 3 (Table S1).
Activations and deactivations during novelty processing and memory encoding in young and older adults

Figure 2 displays representative activations and deactivations during novelty processing (novel versus familiar ‘‘master’’ images) and success-

ful memory encoding (parametric memory regressor). An overview of novelty-related andmemory-related fMRI activationmaxima, separated

by cohorts and age groups, is provided in Tables S2–S7.
iScience 26, 107765, October 20, 2023 3



Figure 2. Neural correlates of novelty processing and successful encoding and their age-related differences

(A) Novelty effect. Across all cohorts and age groups, novelty processing (i.e., novel > familiar master images) was associated with increased activation of inferior

temporo-parietal cortices, particularly the PPA, extending into the hippocampus.

(B) Subsequent memory effect. Top row: In all three cohorts, successful episodic memory formation elicited activation of the bilateral hippocampus (right

hippocampus shown here). Middle row: Encoding-related activation of the PPA (left column) was reduced in older relative to young adults (middle and right

columns). Bottom row: Encoding-related deactivations in the precuneus (left column) were reduced in older adults (middle and right columns). All contrasts

are displayed at p < 0.05, FWE-corrected at voxel-level, minimum cluster size k = 10 adjacent voxels. Coordinates denote localmaxima in the respective contrasts.
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Novel compared to scene stimuli were associated with a robust fMRI response in the PPA (Figure 2, top row), replicating earlier findings

with the same stimulus material.31 While PPA novelty responses were stronger in young compared to older adults in cohort 2, this finding

could not be replicated at p < 0.05, FWE-corrected in cohort 3 (Tables S3 and S4).

Regarding the subsequent memory effect, we could replicate previously reported encoding-related activations and deactivations4 in all

the cohorts (Tables S5–S7). In cohort 1, successful episodic memory encoding was associated with increased activation of the HC and an

extensive temporal and inferior parietal network, including a pronounced local maximum in the PPA (Figure 2, left column). In cohorts 2

and 3, we additionally tested the age-related activation differences during successful encoding (Figure 2, middle and right columns;

Tables S6 and S7). Replicating previous studies,5 we found older participants to exhibit lower activations in inferior andmedial temporal struc-

tures, including the PPA, but relatively preserved encoding-related activation of the HC. Furthermore, in line with earlier studies, older adults

exhibited reduced deactivations in midline structures of the DMN during successful encoding, with the maximum between-group difference

in the right Prc in both cohorts 2 and 3 (Tables S6 and S7).

When explicitly testing for effects of gender, no activation differences survived our statistical threshold of p < 0.05, FWE-corrected with an

extent threshold of 10 voxels in any of the three cohorts. In cohort 2, a single voxel in the rostral anterior cingulate showed a gender difference

in the subsequent memory contrast, with women showing lower encoding-related deactivations compared to men.
4 iScience 26, 107765, October 20, 2023



Figure 3. Distribution of DCM parameters across cohorts and single participants

A-matrix: intrinsic connections; B-matrix: contextual modulation by encoding success; C-matrix: driving input by novelty. Plots display means (solid black lines)G

standard errors (light gray) and standard deviations (dark gray), along with all single data points (red: young adults, blue: older adults).
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Locations of ROIs

ROIs of the PPA, the HC, and the Prc were selected based on both structural and functional anatomical constraints (for similar approaches,

see32,33). The mean coordinate of the PPA ROI was located near [26 -47.5 -11], the HC ROI was centered approximately at [26 -13.5 -17.5], and

the mean of the PPA ROI was around [7.3 -62.8 38.6] (for an illustration, see Figure S1). There was little variability within each cohort (all

SD < 3 mm) and high agreement across all cohorts and age groups (Table S8).
Temporo-parietal effective connectivity and its modulation during memory encoding

The DCM parameters from the participants of each cohort are displayed in Figure 3, separated by age group for cohorts 2 and 3. Mean DCM

parameters are shown in Table 2, separately for each cohort and age group. In every single participant, the driving input (i.e., the PPA

response to novel stimuli) was positive (Figure 3, right panel), confirming the plausibility of choosing the PPA as input region.

Figure 4A displays the patterns of intrinsic connectivity of the temporo-parietal network (A-matrix) during novelty processing investi-

gated in our DCM analyses, separated by main effects (top row) and age differences (bottom row). Connectivity changes related to suc-

cessful memory formation (B-matrix) are displayed in Figure 4B, following the same layout as Figure 4A. Posterior connection strengths are

displayed in Figure S2, highlighting connections that could be replicated across all three cohorts (or across cohorts 2 and 3 in case of age

group effects).

Intrinsic connectivity between regions

Across all cohorts, there were pronounced excitatory connections from the PPA to the HC and from the HC to the Prc (Figure 3, left panel;

Figure 4A, top row). A pronounced inhibitory connection was observed from the PPA to the Prc. All of these connections reached a posterior

probability (PP) of 1.00 in all three cohorts (see also Figure S2, left panels) and exceeded a PP > 0.95 also when applying a free energy-based

threshold. In cohorts 1 and 2, a positive connection was evident from the Prc to the PPA. In cohort 3, this connection reached a PP of >0.95 in

older adults only.
iScience 26, 107765, October 20, 2023 5



Table 2. DCM parameters

Cohort 1 Cohort 2 Cohort 3

Young Young Older Young Older

A-matrix

PPA-PPA 0.043 G 0.136 �0.014 G 0.174 �0.063 G 0.165 0.033 G 0.171 �0.047 G 0.154

PPA-HC 0.135 G 0.193 0.165 G 0.147 0.176 G 0.168 0.172 G 0.144 0.130 G 0.174

PPA-Prc �0.205 G 0.167 �0.255 G 0.189 �0.188 G 0.189 �0.216 G 0.174 �0.129 G 0.174

HC-PPA �0.019 G 0.254 �0.041 G 0.319 0.015 G 0.229 �0.050 G 0.296 �0.009 G 0.268

HC-HC �0.060 G 0.128 �0.116 G 0.158 �0.091 G 0.158 �0.074 G 0.168 �0.066 G 0.125

HC-Prc 0.085 G 0.219 0.144 G 0.278 0.114 G 0.266 0.100 G 0.278 0.116 G 0.232

Prc-PPA 0.115 G 0.233 0.077 G 0.300 0.036 G 0.238 0.022 G 0.263 0.084 G 0.261

Prc-HC 0.020 G 0.227 �0.025 G 0.291 �0.022 G 0.266 0.006 G 0.209 0.011 G 0.228

Prc-Prc �0.064 G 0.132 �0.063 G 0.183 �0.102 G 0.157 �0.020 G 0.193 �0.079 G 0.170

B-matrix

MEM_PPA-HC 0.293 G 0.762 0.154 G 0.759 0.211 G 0.758 0.284 G 0.694 0.224 G 0.777

MEM_PPA-Prc �0.306 G 0.669 �0.334 G 0.878 �0.262 G 0.671 �0.656 G 0.704 �0.283 G 0.880

MEM_HC-PPA 0.232 G 1.050 �0.100 G 1.071 0.102 G 0.893 0.041 G 1.154 �0.140 G 1.089

MEM_HC-Prc 0.121 G 0.908 0.131 G 1.476 0.135 G 0.974 0.166 G 1.378 �0.072 G 1.173

MEM_Prc-PPA �0.003 G 1.004 �0.274 G 0.932 �0.062 G 1.298 �0.195 G 0.786 �0.257 G 1.187

MEM_Prc-HC 0.306 G 1.195 0.144 G 0.995 0.122 G 1.226 0.261 G 0.785 �0.040 G 1.219

C-matrix

Input_PPA 0.439 G 0.209 0.553 G 0.224 0.443 G 0.173 0.549 G 0.169 0.476 G 0.192

Mean DCM parameters G standard deviations are shown separately for each cohort and age group. A-matrix: intrinsic connections. B-matrix: contextual mod-

ulations by successful encoding. C-matrix: driving input (novelty-related activation of the PPA).
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Intrinsic inhibitory self-connectivity

In the DCM framework, self-connectivity is a priori expected to be inhibitory, with higher negative values reflecting stronger (self-)inhibition.34

Self-connectivity is reflected in the diagonals of thematrices in Figure 4A (top row). Across all three cohorts, we observed robust negative self-

connectivity of the HC (Figure 4A, top row; Figure S2, left panels), most likely reflecting reduced auto-inhibition (relative to the implicit base-

line) during processing of the novel stimuli, which served as driving input. No replicable pattern emerged with respect to the self-connectivity

of the PPA or the Prc.

Memory-related connectivity changes (contextual modulations)

Successful encoding, as captured by the parametrically modulated memory regressor, was associated with increased effective connectivity

from the PPA to theHC andmore pronounced negative effective connectivity from the PPA to the Prc (Figure 3,middle column; Figure 4B, top

row). These connectivity changes could be replicated in all three cohorts at a marginal PP > 0.95, and the negative PPA-Prc connection also

reached a PP> 0.95 in all three cohorts when applying a free energy-based threshold (Figure S2, left panels, red bars). Additionally, in cohort 1,

we observed increased bidirectional encoding-related effective connectivity between the HC and the Prc, but in cohorts 2 and 3, these pa-

rameters did not exceed the a priori defined threshold of PP > 0.95.

Age-related difference in memory network effective connectivity

As there were no older adults in cohort 1, all age differences reported here are based on cohorts 2 and 3. In both cohorts, age group was asso-

ciated with more positive (i.e., reduced inhibitory) effective connectivity from the PPA to the Prc (Figures 4A and 4B, bottom rows; Figure S2,

right). This reduced inhibitory temporo-parietal effective connectivitywas found in theA-matrix (intrinsic connection) in both cohorts, and, addi-

tionally, in cohort 3, it was also found in the B-matrix (memory-related contextual modulations). Furthermore, even though there was no clear

age-independent pattern (see section ‘‘reduced memory-related deactivations of the Prc in older adults’’) of Prc self-connectivity across the

three cohorts, inhibitory Prc self-connectivity was nevertheless reduced in older adults compared to young adults in both cohorts 2 and 3.

Association of effective connectivity with memory performance in older adults

As described earlier, the inhibitory connection from the PPA to the Prc was attenuated in older compared to young adults (Figure 4A, bottom

row; Figure S2, right panels). We therefore focused on this connection when testing for a relationship between DCMparameters andmemory
6 iScience 26, 107765, October 20, 2023



Figure 4. Connectivity matrices of effective connectivity strengths and their modulation by age group

(A and B) Intrinsic connections and (B) contextual modulations. Color denotes the connection strength, reflecting positive (‘‘excitatory‘‘; warm colors) versus

negative (‘‘inhibitory’’; cool colors) connectivity for main effects and higher versus lower values in older adults for age effects (scaled from -1 to 1 at all

instances to improve comparability across cohorts). The posterior probability (PP) of a parameter being >0 in absolute value is shown for each connection;

connections with PP < 0.95 are gray-shaded. Hashtags denote free energy-based evidence; # free energy-based PP > 0.75 (‘‘positive evidence’’); ## free

energy-based PP > 0.95 (‘‘strong evidence’’).
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performance in older adults. Outlier-robust Shepherd’s Pi correlations,35 adapted for Bayesian statistics,36 were computed between the PPA-

Prc connection strength and A0 as a measure of memory performance (see STAR Methods section for details). In both cohorts (2 and 3), the

parameter representing PPA-Prc connectivity was negatively correlated with A’ (cohort 2: P = �0.368, BF10 = 18.21; cohort 3: P = �0.297,

BF10 = 2.63; Figure 5A), such that stronger PPA-Prc inhibitory connectivity was related to better memory performance.

We then computed exploratory Bayesian Shepherd’s Pi correlations for A0 and all DCMparameters in young and older adults (Figure 5B). In

older adults of both cohorts, we found replicable evidence only for the correlation with the PPA-Prc connection. In young adults, evidence in

favor of a correlation between the PPA-Prc connection and A0 was found in cohort 3 (P = �0.317, BF10 = 2.01), but not in cohorts 1 and 2 (all

BF10 < 0.23). On the other hand, the driving input (C-matrix, i.e., the PPA novelty response) was correlated positively with A0 in young adults in

cohorts 1 and 3, but not in older adults. Calculating cumulative Bayes factors as the Bayes factors for the averaged correlation coefficients
iScience 26, 107765, October 20, 2023 7



Figure 5. Correlations between DCM parameters and memory performance

(A) Plots depict outlier-robust Bayesian Shepherd’s Pi correlations between the inhibitory PPA-Prc connection in older adults in cohorts 2 and 3.

(B) Results from pairwise Bayesian Shepherd’s Pi correlations of the individual participants’ DCM parameters with memory performance (A0) in young (left) and

older (right) participants, separated by cohort. Positive and negative correlations are shown in red and blue, respectively. # BF10 > 2.00; ## BF10 > 10.00.
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(weighted for effective sample sizes; the effective sample size was defined as the sample size remaining after exclusion of (1) missing data

points from individual participants [e.g., due to skipping of the 24 h delayed recall] and (2) the Bootstrap-based outlier exclusion implemented

in the Shepherd’s Pi correlation) confirmed the observation of correlations between the driving input and A0 in young adults and between the

PPA-Prc connection and A0 in older adults (all cumulative BF10 > 400.0). The cumulative evidence for a relationship between the PPA-Prc

connection and A’ in young adults, on the other hand, was limited (BF10 = 3.96; Tables S9 and S10).

Finally, we tested for a potential relationship betweenDCMparameters andmeasures ofmemory in independent—verbal—memory tests,

the verbal learning and memory test (VLMT)37 and the Logical Memory subscale of the Wechsler Memory Scale (WMS).38 No correlations of

DCMparameters with thosemeasures of memory performance were directly replicable across cohorts for either age group. In the cumulative

statistics, there was evidence for a relationship between VLMT and WMS performance (learning and delayed recall) and the driving input in

older, but not in young adults, but the evidence was substantially lower (15.0 < BF10 < 19.8; Figure S3; Tables S9 and S10).
DISCUSSION

In the present study, we have used DCM to elucidate the putative temporo-parietal information flow underlying fMRI activations and deac-

tivations during successful memory formation and their characteristic age-related differences. We found that successful memory encoding

was associated with increased PPA-hippocampal effective connectivity and increased inhibitory effective connectivity from the PPA to the

Prc in both young and older adults. In older adults, the inhibitory connection from PPA to Prc was, however, reduced, and less negative inhib-

itory—or even positive—PPA-Prc connectivity was associated with poorer memory performance.
Cortical-hippocampal interactions during novelty processing and memory encoding

In three independent cohorts, a characteristic pattern of intrinsic effective connections emerged, which were in part further modulated as a

function of encoding success (for an overview, see Figure 6). Most prominently, the following connections were observed:
8 iScience 26, 107765, October 20, 2023



Figure 6. Temporo-parietal effective connectivity during novelty processing and successful memory encoding

Successful encoding was associated with increased activation of the hippocampus by the PPA and stronger suppression of the precuneus by the PPA. In older

adults, the inhibitory connection from PPA to precuneus was attenuated and related to worse memory performance.
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The PPA exerts novelty-related excitatory input on the HC, which is up-regulated during successful encoding

Previous studies have demonstrated that both the HC and the PPA exhibit robust responses to novel scenes39,40 as well as subsequent mem-

ory effects.30,41 The direction of information flow from the PPA to the HC observed in the present study suggests that HC-dependent encod-

ing of the stimuli occurs after higher-level perceptual analysis of the scene stimuli in the PPA. This interpretation is supported by previous

neuroimaging studies27,42 as well as by electrophysiological investigations and immediate-early gene imaging studies in rodents, which,

despite the lack of a clearly defined homologue of the PPA in rodents, support the notion that scene processing is mediated by the para-

hippocampal cortex43 and that hippocampal encoding of episodes is preceded by stimulus processing in inferior-medial temporal

cortices.44,45

The HC shows negative self-connectivity during novelty processing

Self-connectivity is a priori defined as negative within the DCM framework,34 with negative self-connectivity reflecting the release of auto-in-

hibition. Negative self-connectivity of the HC upon driving input (here: activation of the PPA to novel scene stimuli),46 in our view, thus most

likely reflects hippocampal novelty responses to the scene stimuli. The HC exhibits strong responses to novel stimuli,47,48 a finding also repli-

cated in another cohort of older adults using the sameparadigmas in the present study.49,50 Hippocampal self-connectivity was not influenced

by age group in our study. Age-related changes in intra-hippocampal connectivity have been reported using different methodologies,

although results are not entirely conclusive. While a DCM study on navigational learning found reduced hippocampal auto-inhibition in older

adults,22 results from longitudinal resting-state fMRI investigations suggest an age-dependent decrease of voxel-wise functional connectivity

in the anterior HCbut a connectivity increase in the posterior HC.51 A limitation of our present study is that we did not allow for amodulation of

self-connections by successful encoding in our model, as the self-connections of the PPA and Prc did not replicate consistently across cohorts

(Figure 4). We can therefore not exclude a potential age-dependent modulation of hippocampal self-connectivity during successful encoding.

The PPA exerts inhibitory input to the Prc during novelty processing and successful encoding

Deactivations of the Prc are a common finding in studies using the subsequent memory effect,4,29 and a straightforward explanation for this is

that the Prc as a DMN structure deactivates during most tasks that require externally directed attention,52 including novelty processing50 and

successful encoding.5,24 During encoding of novel stimuli, it may be of particular importance to suppress processing related to retrieval and

familiarity, which engages the Prc.4,28,53While the function of the Prc in explicitmemory processes likely goes beyond supporting retrieval (see

section ‘‘further limitations and directions for future research’’), it is notable from the present results that suppression of Prc activity during

novel stimulus processing and successful encoding was not found to be mediated by the HC, but rather directly by the PPA, bypassing

the HC.
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The HC exerts excitatory input to the Prc during novelty processing

Unlike the PPA, the HC exerted positive input to the Prc during processing of novel stimuli, although there was only very limited evidence for a

further modulation by encoding success (Figures 3, 4, and S2). One explanation for this may be that the hippocampal novelty signal is relayed

to the Prc, allowing for novelty-related deactivation28 (section ‘‘further limitations and directions for future research’’).

The Prc exhibits positive effective connectivity to the PPA during novelty processing

In cohorts 1 and 2 and in the older participants from cohort 3, we further found an excitatory connection from the Prc to the PPA. The Prc is

strongly interconnectedwith the parahippocampal cortex,54 of which the PPA is a subregion. Projections from the Prc to the parahippocampal

cortex are thought to be of a feed-backward type. One possible function of this connection could be that the Prc provides information based

on existing knowledge that can be used to integrate elements of a novel scene into existing memory representations (for a detailed discus-

sion, see section ‘‘further limitations and directions for future research’’).

Reduced memory-related deactivations of the Prc in older adults

The DMN, and particularly the Prc, typically shows activations during episodic retrieval, but deactivations during encoding of novel stimuli4

(for a potentially differential role of the Prc during encoding of repeatedly presented information, see below). It thus seems plausible to as-

sume that, during processing of novel stimuli, suppressing Prc activity may help to reduce interference with familiar information.28 The results

of our DCM analysis point to the presence of a direct inhibition of the Prc by the PPA during processing of novel stimuli, which is further

enhanced during successful encoding and attenuated in older compared to young adults (Figure 6). We therefore tentatively suggest that

the commonly observed attenuated encoding-related DMN deactivation in older adults—and especially in those with poor memory perfor-

mance—5,24 may result from a reduced ability to suppress ongoing DMN activity during novelty processing and successful encoding.

This interpretationmay be somewhat at odds with the commonly proposed notion that increased activation of parietal—and also prefron-

tal—neocortical structuresmay reflect a compensatory mechanism for diminishedMTL function in old age.5,55 One possible interpretation for

this apparent discrepancy is that compensatory activity might be particularly relevant in older adults with pre-clinical or subclinical memory

impairment. While preserved patterns of memory-related brain activity (i.e., patterns with high similarity to those of young adults) have been

associated with better memory performance in older adults,8,30,56,57 those with poorer memory performance can show not only deactivations

but even atypical activations of DMN structures during successful versus unsuccessful encoding,5 possibly reflecting an increased reliance on

self-referential or prior knowledge-dependent information during encoding.58–60 In line with this interpretation, increased activity of midline

brain structures during novelty processing and successful memory encoding has been reported in individuals at risk for Alzheimer’s disease

(AD), that is, otherwise healthy older adults with subjective cognitive decline (SCD)50 or cognitively unimpaired older individuals with

increased beta-amyloid deposition as assessed with PET.61 Notably, this DMN hyperactivation is no longer observed in patients with

early-stage AD,50 suggesting that, whether compensatory or not, it is nevertheless vulnerable to more pronounced disruption of brain func-

tion. Whether DMN hyperactivation reflects compensatory mechanisms at a pre-clinical stage that break down during disease progression or

rather a more general impairment of inhibitory processes that precedes a broader decline in neural function should be further elucidated in

future studies.

The relationship between inhibitory connectivity and memory performance

In our present study, only the inhibitory connection from the PPA to the Prc was associated withmemory performance in older adults, whereas

evidence for an association of that connection with memory performance in young adults was limited (Figure 5; Tables S9 and S10). This sug-

gests that neocortical inhibitory mechanisms, in addition to altered hippocampal connectivity,21 contribute to age-related reduced efficiency

of memory networks. This does not rule out that connectivity of the HC with other (e.g., prefrontal) brain regions may also be associated with

memory performance. Nyberg and colleagues, for example, showed that higher connectivity of the ventrolateral PFC and the HC during en-

coding was associated with higher dropout rate from a longitudinal study, as a proxy for worse cognitive and clinical outcomes.21 Further-

more, a study on hippocampal-posterior neocortical effective connectivity during spatial navigation suggested that reduced hippocampal

auto-inhibition was associated with lower learning performance in older adults.22 Despite the heterogeneity of the models and ROIs across

those studies and our present study, we suggest that our findings nevertheless converge with the aforementioned results in highlighting,

more generally, the role of inhibitory connectivity within the extended memory networks in successful aging of human memory systems.

It should further be noted that age-related activation increases in brain structures not typically involved in the task at hand have also been

observed in cognitive domains other than explicit memory,62 and even in the motor system.63 As, in the latter study, ipsilateral motor system

activity did not predict better performance (e.g., reaction times), the authors suggested that their results speak against a compensatory role of

age-related task-related hyperactivations. Together with our present results, we suggest that loss of inhibitory activity might constitute a

cross-domain mechanism of brain aging, and future research should further explore its possible relationship with subclinical pathology.

The multifaceted role of the Prc in human long-term memory

The engagement of DMN structures during memory retrieval processes is a well-replicated finding,52,53 and the Prc, in particular, is well-

known for its role in episodic retrieval,4 despite an ongoing debate with respect to a preferential role in recollection versus familiarity.28,64

Irrespective of the type of retrieval process involved, it seems plausible to assume that, during processing of novel stimuli, suppressing
10 iScience 26, 107765, October 20, 2023
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Prc activity may help to reduce interference with familiar information. In line with this interpretation, Gilmore and colleagues proposed a PMN

that includes the Prc, which deactivates in response to novel information and shows increased responses as a function of stimulus familiarity.28

During successful encoding, higher activity in ventral parietal structures has been associated with subsequent forgetting rather than re-

membering.4,28,29 On the other hand, there has also been evidence for higher activity in dorsal parietal structures associated with positive

subsequent memory effects.29 While the meta-analysis by Uncapher and Wagner was focused on lateral parietal structures, a similar pattern

of functional heterogeneity has also been proposed for midline parietal subregions of the DMN.65 Particularly the dorsal Prc is involved in

switching between DMN activity and activity of task-positive networks66 and has been shown to be actively engaged in some attention-

demanding tasks, possibly mediating the integration of inwardly directed and externally directed cognitive processes.67 More recently,

the Prc has also been proposed as a key region involved in memory acquisition, particularly for visuo-spatial material.68–70 However, those

studies all used repeated stimulus exposure and may therefore reflect a primarily neocortically mediated form of learning distinct from

HC-dependent memory for unique episodes.71,72

One possibility to reconcile those findings with the results of our present study is that the Prc may serve, to some extent, as a gatekeeper

during long-termmemory formation, enabling the parallel storage of unique episodes in their spatial and temporal context and of elaborate

andmultiply associated information (i.e., schemas).71,73 More broadly, future research should explore the possibility that PMN structures may

contribute to the distinction of episodic and semantic memory.74
Associations of the driving input with memory performance

While, in young adults, we found only limited evidence for association between PPA-Prc inhibitory connectivity andmemory performance, the

combined analyses across cohorts point to very strong evidence for a positive relationship between the driving input to the PPA andmemory

performance in young adults (A’; see Table S10). In older adults, such a relationship was not found for A0, but there wasmoderate evidence for

a positive association between learning and delayed recall performance in the WMS and, to some extent, also in the VLMT (Table S9).

With respect to our present results, we tentatively suggest that the most straightforward observation for the correlations observed here is

that C-matrix in our DCM design essentially reflects the novelty response in the PPA. Previous analyses of our data set suggest that a higher

similarity of the whole-brain novelty and memory responses with the prototypical responses in a reference sample of healthy young adults is

associated with better memory performance in both the experimental task itself and also in the WMS and VLMT.30,57 There were a few

differences in details between the correlations here and those reported in our previous works (e.g., overall stronger correlations of the mem-

ory-based scores with memory performance, particularly in younger adults), and we suggest that they most likely reflect the definition of the

underlying fMRI measures (whole-brain single-value scores versus the peak novelty response in the PPA), which, despite likely showing high

covariance, nevertheless constitute distinctmeasures of brain activity. According to this interpretation, the observed correlations between the

driving input and the performance in independentmemory tests in older adultsmay reflect the previously described associations between the

overall integrity of fMRI response patterns and cognitive function, particularly memory performance.56,57
Feasibility and limitations of replication in DCM studies

Beyond the specific implications for cognitive neuroscience of the aging memory system, our present study also concerns the critical issue of

replication in human fMRI research.75 While recent analyses suggest that the replicability of group-level fMRI results is overall encouraging

when a study is adequately powered,76,77 few studies have so far addressed the issue of replication in DCM, and even less so, in the context of

the parametric empirical Bayes (PEB) framework used here. Earlier DCM studies describing replications or addressing the issue of reproduc-

ibility have commonly reported results from Bayesian model selection in combination with classical statistical tests (e.g., t-tests) on the indi-

vidual participants’ DCM parameters78–80 or even fully relied on classical statistical testing at group level.81 In the present study, we observed

highly reproducible patterns of intrinsic connectivity in four parameters of the A-matrix (intrinsic connectivity during novelty processing; see

Figure 4A, top row), all of which remained in the model when applying the more stringent free energy-based threshold. On the other hand,

self-connections, particularly those of the PPA, showed considerable inconsistencies, even with robust effects in opposite directions across

cohorts (Figure 4A). This observation points to a potentially underappreciated difficulty in robustly modeling self-connections, which might

also explain the rather low rate of reporting self-connectivity in neuropsychiatric DCM studies (approximately 25%).82 Thus, we did not include

a modulation of self-connectivity in our model space, as we found it difficult to generate hypotheses on the modulation of self-connections

that showed no robust intrinsic pattern.

In the B-matrix (contextual modulation by successful encoding), the enhanced negativity of the PPA-Prc connection could be replicated at

free energy-based PP > 0.95 (Figure 4B, top row). The increased positivity of the PPA-HC connection was robust at PP > 0.95 (free energy-

based) in cohort 1 (which consisted of young participants only), whereas this connection was reliable only at marginal PP in cohorts 2 and

3 (which included approximately 57% older adults). One reason for this may be that the free energy threshold is based on iterative pruning

of parameters from the model based on the posterior covariance among parameters.26 This procedure is highly effective for the selection of

themost parsimoniousmodels, but, in the context of replication, one should consider the possibility that subtle differences in the strengths of

parameters with high covariance across cohorts may result in differential pruning, which might, in extreme cases, result in an apparent repli-

cation failure when considering free energy-based thresholds only. Between-group differences might also explain the inconclusive findings

regarding the bidirectional positive modulation of HC-Prc connectivity observed in cohort 1. Despite showing nominally positive parameters

in cohorts 2 and 3, these connections did not pass the a priori defined threshold of PP > 0.95 in these cohorts (Figure 4B). In addition to the
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inclusion of older participants, the differences in trial timings and scanning parameters (Table 1) might constitute factors that could potentially

impair robust replication.

In addition to the DCM parameters themselves, replicability is also important with respect to their correlation with behavioral measures.

While we found negative correlations between PPA-Prc connectivity andmemory performance in the older adults of both cohorts 2 and 3, the

strength of evidence between the cohorts was different, despite similar magnitudes of the correlation coefficients (Figure 5A). Here we aimed

to implement a meta-analytic approach to obtain cumulative Bayesian inference across cohorts (Nikolakopoulos and Ntzoufras, 2021; see

Tables S9 and S10), but we acknowledge that there is an ongoing methodological debate on cumulative Bayesian inference83–85 and that

further validation of the method used here is warranted. This is of particular importance with respect to the correlations with independent

measures of memory, for which evidence was found only in the cumulative statistics (Table S9). Furthermore, additional replication ap-

proaches to assess the robustness of brain-behavior correlations in DCM, such as bootstrapping,86 should be considered in future studies.
Interpretation of DCM results at the neuronal level

While the results of our DCM analyses could be robustly replicated in three independent cohorts, it must nevertheless be acknowledged that

the DCM approach relies on multiple highly complex assumptions regarding functional neuroanatomy (see section ‘‘associations of the

driving input with memory performance’’), model space, and model selection,87,88 as well as the underlying biophysical mechanisms when

inferring on a neuronal state from a hemodynamic signal.88 In the present study, we interpreted our main finding, such that the PPA exerts

inhibitory activity onto the Prc during novelty processing, which is further increased during successful episodic encoding and attenuated in

aging.More generally, we have usedDCM to infer on information flow between brain areas in relation to a driving input (novelty) and a behav-

ioral outcome (remembered versus forgotten), contextually modulating connections between regions. Information flow in this context can be

thought of as the first region passing on information to the second region (by causing it to receive different inputs as a function of the contex-

tual modulator). Similarly, a region can be thought of as acting inhibitory or excitatory on a target area, if the strength of its connection to this

area is negative or positive, respectively, in line with widely accepted interpretations of DCM.88

Thus, it must be noted that, when referring to inhibitory activity in the interpretation of our present results, we refer to large-scale network

dynamics, not small-scale regional perturbations. We acknowledge that great care must be taken when interpreting the results of DCM for

fMRI datawith respect to the underlying neuronal processes, particularly at themicrocircuit level. Onepromising approach for future improve-

ment is to use more elaborate models of the underlying neurovascular coupling and resulting BOLD signal,89–91 which can, in principle, be

incorporated into DCM analysis.92
Conclusions

Using DCM on fMRI data acquired during a visual memory encoding task, we could demonstrate that successful memory formation is asso-

ciated with increased information flow from the PPA to the HC and suppression of information flow from the PPA to the Prc. A preserved

inhibitory PPA-Prc connection was associated with better memory performance in two cohorts of healthy older adults, suggesting that, in

addition to age-related changes in hippocampal connectivity, neocortical connectivity changes should also be considered. Our results high-

light the importance of inhibitory mechanisms in successful aging of the human memory system. Future studies should investigate the lon-

gitudinal trajectories of inhibitory processes in human explicit memory, in order to explore the possibility that impaired inhibition might

constitute an early pathophysiological mechanism in the development of age-related cognitive decline.
Limitations of the study

ROIs and the comparability of DCM studies

A limitation of the present study is inherent to the DCM approach, that is, the restriction to the a priori selected regions included in the

model.87 In the present study, we performed a rather rigid ROIs definition, based on anatomical constraints, literature-based assumptions,

and fMRI activations, similar to a previously described approach33 (see STAR Methods). While this approach yielded highly consistent ROI

locations across cohorts and age groups (Table S8), the choice of ROIs nevertheless differed from those used in previous DCM studies.21,22,93

Most critically, our model did not include prefrontal cortex regions, which are typically involved in successful episodic encoding.4 One reason

for this was that the focus of our study was on the Prc, which showed themost robust age-related activation difference (Figure 2; Tables S6 and

S7). Furthermore, encoding-related prefrontal activation clusters were distributed across several frontal lobe structures and showed variability

across cohorts, such that the selection of one given prefrontal ROI might have been to some extent arbitrary. We can therefore not exclude

that prefrontal connectivity may additionally contribute to memory performance in older adults, as suggested in earlier studies.21,94

Within the HC, we restricted our ROI to the anterior HC. This was motivated by previously reported associations between anterior hippo-

campal structure and function with age-related memory decline21,95 and on the aim to avoid an overlap with the PPA ROI, but we acknowl-

edge that investigating differential connectivity patterns along the hippocampal axis will likely provide further important information on the

aging HC-dependent memory system.96

Another limitation related to our ROI selection concerns the choice of the PPA as input region.While it is plausible to use either early visual

cortex regions21,22,93 or stimulus-responsive brain structures (e.g., the fusiform face area in a face-name encoding task21,22,93), thismay limit the

generalizability of the resulting models to other cognitive tasks. In the present study, for example, the observed association between PPA-Prc

connectivity andmemory performance did not generalize to independent, verbal, memory tasks (Figure S3; Table S9), which suggests that the
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specific association of PPA-Prc effective connectivity with memory performance may be limited to visual or spatial memory. In the combined

analyses across cohorts, there was some evidence for an association between the driving input to the PPA during novelty processing and

memory performance in the independent tests in older adults. Please see the discussion for a more detailed discussion of this observation.

Further limitations and directions for future research

Beyond ROI selection, it must be noted that the DCM approach relies on complex assumptions with respect to functional neuroanatomy (see

above), model space, and model selection,87,88 but also the underlying biophysical mechanisms when inferring on a neuronal state from a

hemodynamic signal.88 It is thus likely overstated to assume direct causality from the effective connectivity patterns observed, and we are

aware that our model, its reproducibility aside, is most likely incomplete (for a more detailed elaboration, see discussion, section interpreta-

tion of DCM results at the neuronal level).

Another limitation of the present study may result from the sampling of the study cohort30 and the lack of AD-related biomarkers. Despite

the considerable interindividual variability inmemory performance among the older adults in our cohort24 (Figure 2), it must be acknowledged

that older participants weremost likely healthier than average. Thiswas both due to our participant recruitment strategy, which led healthy and

active older adults to more likely volunteer for participation (see STARMethods), and due to the exclusion of participants with severe comor-

bidity.30 In a large cohort that included older adults with SCD andmild cognitive impairment (MCI) as well as manifest AD, novelty-related Prc

responses were found to exhibit an inverse U-shaped pattern from healthy older adults over SCD andMCI to manifest AD.50 It remains thus to

be determinedwhether the association between temporo-parietal inhibitory connectivity andmemory performance also applies to individuals

with memory impairment or dementia risk states. Furthermore, future studies should also follow-up older adults with memory impairment

longitudinally to assess whether progressive memory decline might be associated with decreasing inhibitory connectivity over time.
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16. Fuentemilla, L., Càmara, E., Münte, T.F.,
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51. Salami, A., Wåhlin, A., Kaboodvand, N.,
Lundquist, A., and Nyberg, L. (2016).
Longitudinal Evidence for Dissociation of
Anterior and Posterior MTL Resting-State
Connectivity in Aging: Links to Perfusion
andMemory. Cerebr. Cortex 26, 3953–3963.
https://doi.org/10.1093/cercor/bhw233.

52. Buckner, R.L., Andrews-Hanna, J.R., and
Schacter, D.L. (2008). The brain’s default
network: anatomy, function, and relevance
to disease. Ann. N. Y. Acad. Sci. 1124, 1–38.
https://doi.org/10.1196/annals.1440.011.

53. Qin, P., Liu, Y., Shi, J., Wang, Y., Duncan, N.,
Gong, Q., Weng, X., and Northoff, G. (2012).
Dissociation between anterior and posterior
cortical regions during self-specificity and
familiarity: a combined fMRI-meta-analytic
study. Hum. Brain Mapp. 33, 154–164.
https://doi.org/10.1002/hbm.21201.

54. Ranganath, C., and Ritchey, M. (2012). Two
cortical systems for memory-guided
behaviour. Nat. Rev. Neurosci. 13, 713–726.
https://doi.org/10.1038/nrn3338.

55. Cabeza, R., Albert, M., Belleville, S., Craik,
F.I.M., Duarte, A., Grady, C.L.,
Lindenberger, U., Nyberg, L., Park, D.C.,
Reuter-Lorenz, P.A., et al. (2018).
Maintenance, reserve and compensation:
the cognitive neuroscience of healthy
ageing. Nat. Rev. Neurosci. 19, 701–710.
https://doi.org/10.1038/s41583-018-0068-2.

56. Soch, J., Richter, A., Kizilirmak, J.M.,
Schütze, H., Feldhoff, H., Fischer, L., Knopf,
L., Raschick, M., Schult, A., Düzel, E., and
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REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Collated single subjects‘ DCMs

and templates (GCM_*.mat)

Björn H. Schott via OSF https://osf.io/ktqy6/

Group level fMRI contrasts NeuroVault https://osf.io/ktqy6/

ROI masks (PPA probabilistic ROI

and anatomical masks for all ROIs)

Zweynert et al., 201197/Björn H.

Schott via OSF

https://osf.io/ktqy6/

Single subjects’ raw fMRI data

(Autonomy in Old Age)

Leibniz Institute for

Neurobiology (LIN)

N/A

Software and algorithms

Matlab R2018b MathWorks, Natick, MA https://de.mathworks.com/

products/matlab.html

Statistical Parametric Mapping (SPM12,

v7771), including DCM 12.5

Wellcome Trust Centre

for Neuroimaging

https://www.fil.ion.ucl.ac.uk/spm/

Parametric first-level fMRI data analysis

described by Soch et al., 202123
Joram Soch via GitHub https://github.com/JoramSoch/FADE_BMS

Matlab scripts for ROI selection, DCM batch

analysis, and brain-behavior correlations

Björn H. Schott via GitHub https://github.com/bhschott/

DCM_MemoryEncoding

WFU Pickatlas Wake Forest University https://www.nitrc.org/projects/wfu_pickatlas/

Shepherd’s Pi Correlation Sam Schwarzkopf https://www.frontiersin.org/articles/

10.3389/fnhum.2012.00200/full

Matlab Bayes Factor Toolbox Bart Krekelberg via GitHub https://github.com/klabhub/bayesFactor

UnivarScatter plot function Manuel Lera Ramirez via GitHub https://github.com/manulera/UnivarScatter
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to the lead contact, PDDr. Dr. Björn H. Schott (bschott@lin-magdeburg.de;

bjoern-hendrik.schott@dzne.de).

Materials availability

This study did not generate plasmids, mouse lines, or unique reagents.

Data and code availability

d Code: The code generated in the course of data analysis is available from the lead contact’s GitHub site (GitHub: https://github.com/

bhschott/DCM_MemoryEncoding).

d Data: DCM results reported in the present study and the corresponding group-level fMRI results (novelty and subsequent memory con-

trasts) are available from OSF (OSF: https://osf.io/ktqy6/). The single subjects’ raw MRI data reported in this study cannot be deposited

in a public repository due to restrictions imposed by the local ethics committee and EU data protection regulations. To request access,

contact please contact the lead contact (bschott@lin-magdeburg.de; bjoern-hendrik.schott@dzne.de).

d Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants

In the present study, we investigated three cohorts of participants, with the first cohort consisting of neurologically and psychiatrically healthy

young adults (cohort 1: 117 young), and the other two cohorts including both young and older healthy participants (cohort 2: 58 young, 83
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older; cohort 3: 64 young, 84 older). Participants were recruited via billboards, public outreach events of the Leibniz Institute for Neurobiology

and local newspapers (for details on recruitment see30,57). All participants were right-handed according to self-report and fluent in German.

With the exception of two youngparticipants in cohort 2 (one SouthAsian, one SouthAmerican) and one youngparticipant in cohort 3 (Middle

Eastern), all participants were of European ancestry. The Mini-International Neuropsychiatric Interview (M.I.N.I.98; German version by99 was

used to exclude present or past psychiatric disorders. Further contraindications for participation included alcohol or drug abuse or the

use of neurological or psychiatric medication. Data from sub-cohorts of the current study population have been reported in previous studies

(cohort 1:100; cohort 2 and 3:30,57). Importantly, the analyses performed here have not been conducted in the previous publications, and cohort

3 included 40 additional participants whose data have not been reported previously. Detailed demographic data are summarized in Table 1.
Informed consent and ethics approval

Written informed consent was obtained from all participants in accordancewith the Declaration of Helsinki,101 and the study was approved by

the Ethics Committee of the Otto von Guericke University Magdeburg, Faculty of Medicine (Approval number 33/15).
METHOD DETAILS

Experimental paradigm

During the fMRI experiment, participants performed an incidental visual memory encoding paradigm, using an indoor/outdoor judgment as

encoding task.8 In cohort 1,100,102,103 the trial timings were slightly shorter compared to cohorts 2 and 3, where we employed the adapted

version of the paradigm also used in the DELCODE study23,49,104 (see Table 1 for an overview of differences in trial timings and acquisition

parameters). Subjects viewed photographs of indoor and outdoor scenes, which were either novel (44 indoor and outdoor scenes each) or

were repetitions of two pre-familiarized ‘‘master’’ images (one indoor and one outdoor scene). Participants performed an ‘‘indoor’’ versus

‘‘outdoor’’ judgment on the images via button press. Each picture was presented for 2.5 s, followed by a variable delay ranging from 0.50

to 2.50 s in cohort 1 and from 0.70 s to 2.65 s in cohorts 2 and 3. The trial timing followed a near-exponential jitter and was optimized to

improve estimation of the trial-specific BOLD responses.105

Approximately 70min (cohorts 2, 3) to 90min (cohort 1) after the start of the fMRI session, participants underwent a computer-based recog-

nition memory test outside the scanner, during which they were presented with photographs from the fMRI encoding phase (old; n = 88 plus

the two master images), randomly intermixed with previously unseen (new) images (n = 44). Participants reported their memory confidence

orally on a five-point rating scale from 1 (‘‘definitely new’’) to 5 (‘‘definitely old’’), and the overt responses were recorded by an experimenter.

For details, also see Assmann et al.100 and Soch et al.23,30
MRI data acquisition

Structural and functional MRI data were acquired on two Siemens 3TMR tomographs (cohort 1 and 2: Siemens Verio; cohort 3: Siemens Skyra;

see Table 1), using previously reported protocols (cohort 1: see100; cohorts 2 and 3: see,23 corresponding to the DELCODE MRI protocol,

see.49,106,107

A T1-weightedMPRAGE image (TR = 2.5 s, TE = 4.37ms, flip-a= 7�; 192 slices, 256 x 256 in-plane resolution, voxel size = 13 13 1mm)was

acquired for co-registration and improved spatial normalization. In cohorts 2 and 3, phase and magnitude fieldmap images were acquired to

improve correction for artifacts resulting from magnetic field inhomogeneities (unwarping, see below).

For functional MRI (fMRI), 206 T2*-weighted echo-planar images were acquired in interleaved-ascending slice order (see Table 1 for acqui-

sition details). The complete study protocol also included additional structural MR images, which were not used in the analyses reported here

(details available upon request).
fMRI data preprocessing

Data preprocessing and analysis was performed using Statistical ParametricMapping (SPM12; University College London; https://www.fil.ion.

ucl.ac.uk/spm/software/spm12/) running on MATLAB R2018b (Mathworks, Natick, MA). EPIs were corrected for acquisition time delay (slice

timing), head motion (realignment) and magnetic field inhomogeneities (unwarping), using voxel-displacement maps (VDMs) derived from

the fieldmaps (cohorts 2 and 3). The MPRAGE image was spatially co-registered to the mean realigned (cohort 1) or unwarped (cohorts 2

and 3) image and segmented into six tissue types, using the unified segmentation and normalization algorithm implemented in SPM12.

The resulting forward deformation parameters were used to normalize EPIs into a standard stereotactic reference frame (Montreal Neurolog-

ical Institute,MNI; voxel size = 33 33 3mm). Normalized imageswere spatially smoothed sing an isotropicGaussian kernel of 6mm full width

at half maximum (FWHM).
Additional behavioral measures of memory performance

The Verbal Learning and Memory Test (VLMT) and the Wechsler Memory Scale (WMS), subscale Logical Memory, were administered to the

study participants as measures of explicit memory performance independent of the fMRI experiment (for details in cohort 1, see102; for details

in cohorts 2 and 3, see108).
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Verbal Learning and Memory Test (VLMT)

The Verbal Learning and Memory Test (VLMT) consists of two lists of 15 unrelated words, a study list and a distracter list.37 The experiment

included a learning phase and a recall phase. During the learning phase, participants were shown thewords from the first list visually, one after

another. When all words had been presented, participants were requested to write down every word they could remember. This procedure

was repeated five times consecutively. Next, the distracter list was shown only once, followed by written recall. After presentation and recall of

the distracter list, the recall phase began, where participants were asked to write down the words from the initial list. Additional recall phases

took place after a 30-minute interval and after 24 hours.

Wechsler Memory Scale (WMS), Logical Memory

The Logical Memory subscale of theWMS (Wechsler Memory Scale) was implemented as an auditory version with slight modifications.38 Par-

ticipants were presented with two brief stories via headphones and were instructed to write them down immediately after listening. Recall

tests were conducted 30 minutes and 24 hours later. The retrieved stories were evaluated for 25 items, representing details from the stories,

by two independent experimenters. Thus, a maximum score of 25 points could be obtained for each story and recall time interval.

QUANTIFICATION AND STATISTICAL ANALYSIS

General linear model (GLM)-based fMRI data analysis

Statistical analysis of fMRI data was performed based on a two-stage mixed-effects model as implemented in SPM12. At the first stage

(single-subject level), we used a parametric general linear model (GLM) of the subsequent memory effect that has previously been demon-

strated to outperform the commonly employed categorical models.23 The model included two onset regressors, one for novel images

(‘‘novelty regressor’’) and one for presentations of the two pre-familiarized images (‘‘master regressor’’). Both regressors consisted of short

box-car stimulus functions (2.5 s), which were convolved with the canonical hemodynamic response function (HRF), as implemented in

SPM12.

The regressor reflecting subsequent memory performance was obtained by parametrically modulating the novelty regressor with an

arcsine function describing subsequent recognition confidence. Specifically, the parametric modulator (PM) was given by

PM = arcsin

�
x � 3

2

�
$
2

p

where x˛ f1; 2; 3; 4; 5g is the subsequent memory report, such that --1%PM% + 1. By employing the arcsine transformation, definitely

remembered (response ‘‘5’’) or forgotten (response ‘‘1’’) items were weighted more strongly than probably remembered (response ‘‘4’’) or

forgotten (response ‘‘2’’) items (23; Figure 2A). The model also included the six rigid-body movement parameters obtained from realignment

as covariates of no interest and a constant representing the implicit baseline.

At the second stage of the model (across-subject level), contrasts of interest (novelty contrast: novel vs. master images; memory contrast:

parametricmemory regressor) were submitted to a one-sample t-test (cohort 1) and to ANCOVAmodels with age group as between-subjects

factor and gender as a binary covariate of no interest (cohort 2, 3), respectively. The significance level was set to p < 0.05, whole-brain-cor-

rected for family-wise error (FWE) at voxel-level, with a minimum cluster size of k = 10 adjacent voxels.

Dynamic causal modeling

Effective connectivity analysis was performed using DCM version 12.5 as implemented in SPM12. DCM uses an input-state-output model

based on a bilinear state equation:

_z =

 
A +

XM
j = 1

ujB
ðjÞ
!
z +Cu

where _z is the temporal derivative of the state variable z, which describes neuronal activity resulting from intrinsic effective connectivity (A),

changes in connectivity due to the contextual modulations (B) and the direct influence of the driving input u (C). The thus defined neuronal

model is coupled to a biologically plausible neurovascular model of the BOLD response, and the coupled models are used to predict the

BOLD time series in a priori defined volumes of interest (VOIs).

The goal of our DCM analysis was two-fold:

1. First, we aimed to assess the intrinsic effective connectivity of the PPA, the HC, and the Prc during novelty processing and the connec-

tivity changes related to successful versus unsuccessful encoding of novel visual information.

2. Second, we aimed to assess, which connections within a temporo-parietal memory network are affected by age and whether age-

related differences in effective connectivity are associated with memory performance in older adults.

Definition of regions of interest and time series extraction

ROIs were defined based on both anatomical and functional criteria, following previously described approaches32,33: Anatomical constraints

were defined using anatomical ROIs taken from Automated Anatomical Labeling (AAL), a canonical parcellation of the human brain,109 as
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implemented in theWFU PickAtlas (Wake Forest University; https://www.nitrc.org/projects/wfu_pickatlas/) or from previously described liter-

ature-based ROIs. Functional constraints were derived of memory and novelty contrasts in a previously published subset of cohorts 2 and 3

(106 young and 111 older participants;23,30). Based on themeta-analytic evidence on encoding-related activations and deactivations4 and the

age-related changes of those patterns,5 and guided by our own replication of those results, the ROIs were selected as follows: Previous DCM

studies of memory encoding have also included prefrontal regions in their models. In the course of the present study, we also tested models

that the mPFC, however, this did not improve the model fit. Please see also the discussion and limitations sections.

1. The PPA, which showed a pronounced response during both novelty detection and successful encoding30 was used as the net-

work’s driving input region, given its well-replicated and relatively specific response to scene stimuli46 and particularly to novel

scenes.31,110 Given that the definition of the PPA is mainly based on its responsivity to scene stimuli rather than on anatomical

landmarks, we restricted our ROI to a probabilistic definition of the PPA based on local maxima of activation clusters that were

shown to respond to scene stimuli in previous studies (for details see97). This probabilistic ROI was further restricted to the

anatomical boundaries of the fusiform and parahippocampal gyri as defined by the AAL parcellation. Considering the intended

use of the PPA as input region responding to all presentations of novel scenes (i.e., irrespective of subsequent encoding success),

the thresholded SPM for the novelty contrast (novel > master images) was multiplied with the mask of the PPA, yielding a ROI for

the PPA.

2. The HC has repeatedly been shown to respond more strongly to subsequently remembered compared to subsequently forgotten in-

formation in both young and older adults,4,5 a finding replicated in the present study (Figure 2). The ROI for the HCwas thus defined by

multiplying the thresholded SPM for the memory contrast (positive effects of the parametric memory regressor) with the anatomical

boundaries of the HC from the AAL atlas and with a sphere seeded at the local groupmaximum of the contrast within the right anterior

HC ([x y z] = [21 -10 -19]; r = 15 mm). The focus on the anterior HC was based on previous observations that encoding-related anterior

hippocampal activations can be robustly observed in older adults5 and are at the same time sensitive to memory decline in aging.21

Furthermore, by restricting the ROI to the anterior HC, we aimed to avoid confounds from potential blurring of activity from the

PPA into the posterior hippocampus.

3. The Prc emerged as the region most robustly activating more strongly (or, deactivating less strongly) during successful memory forma-

tion in older rather than young adults (Figure 2), in line with previous meta-analytic observations.5 We thus inclusively masked the

thresholded SPM for the age group contrast (older > young) from the second-level memory GLM with the AAL Prc mask. To exclude

activations in more lateral parietal cortex and posterior cingulate cortex, we further restricted the Prc ROI to a sphere centered at the

local maximum of the age contrast ([x y z] = [6 –64 38]; r = 18 mm). The larger radius compared to the hippocampal ROI was chosen

based on the larger size of both the anatomical structure and the activation cluster.

To improve signal-to-noise ratio (SNR), we further restricted the ROIs to voxels with an uncorrected p < 0.25 on the respective contrast in

the first-level GLM of each subject. The first eigenvariate time series were extracted from the thus obtained volumes of interest (VOIs) and

adjusted for effects of interest (EOI) modeled and explained by the individual first-level GLMs.

As agreement of ROI locations across participants and cohorts has been deemed critical for DCM group analyses,111 we aimed to ensure

that our selection procedure yielded consistent results across cohorts and age groups. To this end, we computed the mean ROI coordinates

for each subject and assessed their distribution within and across cohorts and age groups (Table S8).

First-level DCM analysis

The Parametric Empirical Bayes (PEB) framework implemented in SPM1225,26 allows for an efficient estimation of effective connectivity at

group level by estimating the full model for each individual subject and pruning parameters that do not contribute to the model quality

at the second level. In the present study, we employed bilinear DCMas implemented in the DCMPEB framework (25; cf;. Equation 2}), similarly

to previous descriptions of the approach.112,113

The most general model which was estimated for each subject included the ROIs of the HC, PPA, and Prc, assuming full intrinsic connec-

tivity, including self-connections. Novelty (i.e., presentation of novel, but not master images) was chosen as driving input to the PPA, and

memory (the arcsine-transformed recognition memory responses representing encoding success) was included as a potential contextual

modulator at all between-regions connections, but not at the self-connections (Figure 1, right). The reason for not allowing for a modulation

of self-connections was that the self-connections themselves turned out to be inconsistent across study cohorts (Figure 4A). Neural responses

to the highly familiar master images were not included in the model and thus formed the implicit baseline.25 The slice timing model imple-

mented in the DCM PEB framework114 was set to the last acquired slice.25,115 This was motivated by the fact that the stimulus duration (2.5 s)

was close to the TR, and mini-blocks of 2.5 s provided a better model fit than delta functions in first-level GLM analysis.23 As a control, we also

computedDCMs using TR=2 and TR=Nslices (i.e., number of slices) in the slice timingmodel. Explained variance of the first-level DCM analyses

was substantially poorer for TR=Nslices (cohort 1: p = 0.001; cohort 2: p = 0.057; cohort 3: p < 0.001) and did not differ significantly for TR= 2 (all

>0.161). Results of second-level PEB analysis for the model using TR=2 were qualitatively highly similar to the results of that using TR re-

ported here.

Model estimation was performed using variational Laplace,116 which provides both, posterior estimates of connection strengths and the

free energy approximation to the marginal likelihood.117 To yield a higher proportion of explained variance at the single-subject level, an

iterative fit was performed, using the group mean parameter estimates as empirical priors (SPM function spm_dcm_peb_fit.m26).
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Group-level inference

Group-level inference on the effective connectivity within the temporo-parietal network was performed using Bayesian model reduction

(BMR) and averaging (BMA), as implemented in the DCM PEB framework.26,116 After estimating each participant’s full model (allowing for

all potential connections and contextual modulations), the thus obtained DCMs were submitted to a second-level Bayesian GLM.26,118 To

assess the strength of effective connectivity between the three ROIs as well as theirmodulation by successful memory performance and aging,

the 15 parameters frommodel inversion (A-matrix and B-matrix) were submitted to BMR, followed by BMA. BMR compares the full model with

a model space of nested models where one or more parameters (i.e., connections or contextual modulations) are switched off, keeping the

parameters with the most evidence.26,116,119 Subsequently, BMA was employed to average the parameters across models, weighted by the

evidence of each model.26,120 To test parameters across (or between) groups, we thresholded the posterior probability (PP) at 0.95 for any

given parameter (or parameter difference) being larger than zero (PP = Prðq > 0jyÞ> 0:95). Parameters with supra-threshold PP in all three

cohorts (or in cohorts 2 and 3, when testing for age group effects) were considered robust, and parameters with a PP > 0.95 in two cohorts

were considered limited evidence. It must be noted that it is commonly recommended to use a threshold based on free energy, as this

approach takes into account the posterior covariance during group model comparison.26 However, this might on the downside potentially

reduce generalizability due to subtle differences in parameter strength and thus differential pruning of parameters across cohorts. As testing

for reproducibility of effects was a main goal of this study, we thus primarily reported marginal posterior probabilities and additionally

computed the PPs based on the free energy thresholds for all parameters and age group differences to evaluate the agreement between

marginal PPs and the (more stringent) free energy-based threshold.
Prediction of memory performance from DCM parameters

After group-level PEB analysis, we assessed whether the estimated parameters were associated with memory performance in older adults,

and thereby contribute to assess the neurobiological underpinnings of cognitive aging.

Memory performance estimate

To obtain a measure of memory performance that takes into account recognition confidence, the area under the curve plotting hits (i.e.,

correctly recognized previously seen stimuli) against false alarms (i.e., falsely recognized previously unseen stimuli) was calculated as

described previously.30 To this end, o1;.;o5 and n1;.; n5 were defined as the numbers of old stimuli and new stimuli, respectively, rated

as 1 (‘‘definitely new’’) to 5 (‘‘definitely old’’) in the delayed recognition test. Hit rates (H) and false alarm (FA) rates as functions of a threshold

t˛ f0; 1;.; 5g are defined as proportions of old and new stimuli, respectively, rated higher than t:

HðtÞ =
1

O

X5
i = t+1

oi
FAðtÞ =
1

N

X5
i = t+1

ni

where O = o1 +.+o5 and N = n1 +.+n5. Note that Hð0Þ = FAð0Þ = 1 and Hð5Þ = FAð5Þ = 0. The hit rate can then be expressed as a

function of the FA rate:

y = f ðxÞ; such that y = HðtÞ and x = FAðtÞ for each t = 0;1;.;5

The area under the ROC curve (AUC) is then obtained by computing the integral of this function from 0 to 1:

A0 =

Z 1

0

f ðxÞdx =

Z 1

0

HðFAÞdFA

The value of this integral is referred to as AUC or A0 (‘‘A-prime’’) and provides a measure for memory performance, similar to the corrected

hit rate, but also accounting for recognition confidence. When responses are completely random, A0 equals 0.5, reflecting pure guessing.

When all old items are recognized and all new items are correctly rejected, A0 equals 1, reflecting 100% performance. An advantage over

the frequently employed d0 measure121 is that A0 has finite values even in cases of zero or perfect performance.

To compare memory performance between young and older adults in cohorts 2 and 3, we computed two-sample t-tests, assuming un-

equal variances (i.e., Welch’s tests). Bayes factors were computed using the Matlab Bayes Factor Toolbox.122

Brain-behavior correlations

Given the high interindividual variability of the DCM parameters, which was suggestive for outliers (Figure 3), we computed outlier-robust

Shepherd’s Pi correlations35 between connections that showed a robust age-group-related difference – as defined in 2.6.3 – and A0 as amem-

ory measure. Shepherd’s Pi correlations have been proposed as a method to improve reliability of brain-behavior correlations, which have

been criticized for their lack of robustness123 and susceptibility to outliers.35,124 The approach is based on Spearman’s correlation and includes

a bootstrap-based estimation of the Mahalanobis distance, thereby allowing for an unbiased detection and exclusion of outliers. To comply
22 iScience 26, 107765, October 20, 2023
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with the Bayesian framework of our DCM analyses, Wetzels’ Bayes factors36 were computed for all correlation coefficients, as implemented in

the BayesFactor Toolbox for MATLAB122 (GitHub: https://github.com/klabhub/bayesFactor). As the sample size is reduced by the outlier

exclusion of the Shepherd’s Pi correlation, all Bayes factors were computed based on the effective sample size (i.e., not counting outliers).

First, a likelihood function L was defined as described previously (see Wetzels & Wagenmakers,36; Equation 13):

Lðr ;n;gÞ = exp

�ðn � 2Þ
2

logð1 + gÞ � ðn � 1Þ
2

log
�
1 +

�
1 � r2

�
g
� � 3

2
logðgÞ � n

2g

�

where n is the sample size, r is the correlation coefficient, and g represents Zellner’s g prior.125,126

The Bayes factor BF10, quantifying the relative likelihood of the alternative hypothesis over the null hypothesis, was computed by inte-

grating the likelihood function over g and multiplying with a sample-size-dependent scaling factor:

BF10 =

ffiffiffiffiffiffiffiffi
n=2

p
Gð1=2Þ

ZN
0

Lðr ;n;gÞdg

where GðxÞ is the gamma function.

To further explore which DCM parameters were associated with memory performance in older and also young adults, we computed

Bayesian Shepherd’s Pi correlations between all DCM parameters and A0 as the memory measure of interest as well as the performance mea-

sures from two independent memory tests (VLMT, WMS; see 7.4.4 for details).

We then estimated the overall evidence for the correlations across the study cohorts by averaging the correlation coefficients weighted by

their effective sample sizes across cohorts, separately for young and older adults. To this end, correlation coefficients were first submitted to

Fisher’s z transformation to make them approximately normally distributed. Next, we computed the weighted mean z values

zmean =
1

N

Xk
j = 1

zj$nj

where zmean is the weighted mean z-transformed correlation coefficient, N is the total effective sample size across all cohorts, k is the number

of cohorts, zj is the jth z-transformed correlation coefficient, and nj is the jth effective sample size (i.e., the sample size after outlier exclusion by

the Shepherd’s Pi correlation).Weightedmean z-values were then transformed to the corresponding correlation coefficients using the inverse

Fisher’s z-transformation. Next, we computed the combined Bayes factors from all samples as described above, using N (i.e., the total effec-

tive sample size over all cohorts) as sample size (for a similar approach with t-test statistics, see Nikolakopoulos & Ntzoufras83). The resulting

weighted mean correlation coefficients and cumulative Bayes factors are reported in Tables S9 and S10.
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