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SUMMARY

In early Alzheimer’s disease (AD) b-amyloid (Ab) deposits throughout association cortex and tau appears in

the entorhinal cortex (EC). Why these initially appear in disparate locations is not understood. Using task-

based fMRI andmultimodal PET imaging, we assess the impact of local AD pathology on network-to-network

interactions. We show that AD pathologies flip interactions between the default mode network (DMN) and the

medial temporal lobe (MTL) from inhibitory to excitatory. The DMN is hyperexcited with increasing levels of

Ab, which drives hyperexcitability within the MTL and this directed hyperexcitation of the MTL by the DMN

predicts the rate of tau accumulation within the EC. Our results support a model whereby Ab induces disrup-

tions to local excitatory-inhibitory balance in the DMN, driving hyperexcitability in the MTL, leading to tau

accumulation.We propose that Ab-induced disruptions to excitatory-inhibitory balance is a candidate causal

route between Ab and remote EC-tau accumulation.

INTRODUCTION

Alzheimer’s disease (AD) is characterized by the spatially distinct

evolution of two pathological proteins, b-amyloid (Ab), and ag-

gregates of tau (as neurofibrillary tangles).1 The primary event

in AD is thought to be the aggregation of Ab plaques within

medial parietal and frontal neocortex, key hubs of the default

mode network (DMN).2,3 It has been proposed that this Ab

then promotes themigration of tau4,5 from the transentorhinal re-

gions of the medial temporal lobe (MTL), where it deposits in

most older individuals, into lateral temporal and other neocortical

regions,6 leading to the expression of AD. How these pathologies

interact across spatially distinct regions7 is not well understood.

One putative mechanism driving these events is a causal link

between Ab and neuronal hyperexcitability. Impaired inhibitory

GABAergic interneuron function, abnormal glutamate release

and reuptake, and dysfunction of ion channels are all associated

with localized Ab.8–10 This impairment in normal excitatory con-

trol and interneuron inhibition disrupts local excitatory-inhibitory

(E-I) balance, triggering hyperexcitability. This local E-I imbal-

ance likely occurs well before the clinical manifestations of AD

because Ab accumulation precedes clinical impairment by de-

cades and drives tau spread that is most closely associated

with cognitive impairment.11,12 Given the association between

prolonged neuronal stimulation and tau hyperphosphoryla-

tion,13–15 cortical hyperexcitability due to E-I imbalance may be

the missing link between Ab and early tau deposition.

Functional MRI (fMRI) studies have shown hyperactivation in

the medial parietal lobe in the early clinical stages of AD.16,17

Similarly, hyperactivity within the MTL may follow the deposition

of Ab18 and is observed in cognitively normal adults with evi-

dence of primary deposition of tau in theMTL.19–24 These human

studies converge with the murine literature showing pathology-

related hyperactivity.8–10

The presence of neuronal hyperactivity associated with AD

neuropathology lends itself to empirical testing using paradigms

sensitive to an E-I imbalance. For example, a candidate

approach is to employ a task typically associated with suppres-

sion of neuronal activity. Here, participants viewed brief streams

of visual stimuli and had to respond as to whether each stimulus

was repeated or novel. This task requires learning the statistical

regularities in the (visual) environment and recognizing when

stimuli meet expectations. This task is reliant on repetition sup-

pression, a classical experimental manipulation whereby cortical

activity is typically reduced when subjects view a stimulus the

second time.25–27 This short-term suppression of neuronal

676 Neuron 112, 676–686, February 21, 2024 ª 2023 The Author(s). Published by Elsevier Inc.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

ll
OPEN ACCESS



activity represents an efficient coding strategy that minimizes

metabolic cost (i.e., inhibition) to redundant information based

on the statistical regularity of the environment.28,29 Previous

studies have documented deficits in repetition suppression for

patients with AD and cognitively normal older adults (OAs) with

AD pathology,30–33 providing a framework to examine how E-I

imbalance could affect Ab-tau interactions. Here, using task-

based fMRI and multimodal PET imaging, we assess the impact

of AD pathology on network-to-network interactions, focusing

on the spatial distributions of Ab and tau accumulation. We

use dynamic causal modeling (DCM) to assess the network level

interactions underlying repetition suppression. We hypothesize

that in the absence of Ab pathology, repetition suppression will

be associated with afferent inhibition of the DMN. However, for

individuals with Ab pathology, this inhibition will be shifted to-

ward excitation such that Ab-related excitation in DMN will, in

turn, excite medial temporal regions driving tau accumulation.

RESULTS

Participants, task, and fMRI design

Seventy-two participants (50 cognitively normal OAs, 22 young

adults [YAs]) underwent task fMRI. In the scanner, participants

viewed blocks of four stimuli of either objects or scenes with

the first two stimuli within a block novel and the next two stimuli

either the same or a similar ‘‘lure’’ stimulus.30,34,35 Participants

responded on each trial indicating if the stimulus was either old

(i.e., a repetition) or new (i.e., a novel or lure stimulus). A sample

of 45 cognitively normal OA and 21 YA were included in the sub-

sequent analysis of task-based fMRI data, these participants

passed fMRI quality control and were able to successfully

perform the mnemonic discrimination task (see STAR Methods

for further details on exclusion). We modeled stimulus blood-ox-

ygen-level-dependent (BOLD) responses using a general linear

model (GLM), including novel and repeated stimuli omitting

lure trials for each stimulus category (Figure 1).

In addition, 42 of the OA underwent [18F]Flortaucipir (FTP) and

[11C]Pittsburgh compound B (PiB) PET to measure entorhinal

cortex (EC) tau and neocortical Ab. 32 of these OA participants

also had measurements of longitudinal FTP-PET to examine

rates of EC-tau accumulation (Table 1). The sample with molec-

ular imaging waswell balanced in regard to Ab positivity (50%Ab

positive) and both groups of participants had some degree of

EC-tau burden (FTP-standardized uptake value ratio [SUVR]:

Ab� mean ± SD = 1.26 ± 0.19; Ab+ mean ± SD = 1.34 ± 0.26),

suggesting that the whole sample includes participants with

early AD neuropathological change and participants who have

some degree of tau associated with normal aging, possibly pri-

mary age-related tauopathy. The average uptake of PiB and

FTP shows some overlap between the two pathologies across

the cortex (Figure 2). However, although there is evidence of sub-

stantial tau burden within the EC, there is little Ab (Figure 2, bot-

tom row). This suggests the interactions between Ab and EC-tau

that we are investigating are remote and not due to colocalized

Ab and tau pathology in the MTL.

Functional network task activation—Spatial ICA

To extract activity from cortical networks we performed group

spatial independent components analysis (ICA) on the fMRI

data from the 66 participants (21 YA and 45 OA). Based on the

minimum descriptive length,36 we assigned the dimensionality

of the group fMRI data as 67 components. From these, we

selected five cortical networks for subsequent analysis (Fig-

ure S1) based on the following premises. We hypothesized that

two low-level (stimulus-related) networks would show cate-

gory-related activations (i.e., scenes or objects): an ‘‘object

network’’ centered over the lateral occipital cortex (LOC) and a

‘‘scenes network’’ centered over the parahippocampal place

area (PPA). To probe higher order processes, we included three

additional networks: the DMN, the MTL network, and the

salience network (SAL). Fitting the task GLM design to the sub-

ject level component time courses and contrasting the activity

for scenes versus objects confirmed the presence of strong

category-specific activity for objects > scenes for the LOC

(t(65) = �21.64, p < 0.001) and scenes > objects for the PPA

(t(65) = 22.4, p < 0.001) (Figure 3A). When collapsing across stim-

ulus categories, we observed significant repetition suppression

effects in the MTL (t(65) = 10.98, p < 0.001) and the DMN

Objects Block Scenes Block

Presented 

Stimulus

fMRI

Task Design

fMRI Conditions

Novel 

Repeated

Stimulus CategorySCENES/OBJECTS

Figure 1. Task design

Top panel shows example object (left) and scene (right) blocks presented during acquisition of fMRI data. Blocks consisted of two novel stimuli, then either a

highly similar lure or a repeat of one of the first two stimuli. The green tick next to each trial represents the correct discrimination for novel vs. repeated stimuli, the

red cross shows an incorrect response to a lure stimulus. Bottom panel shows the fMRI task design with the modeled stimuli for each condition. fMRI design

included stimuli category, either objects (red lines) or scenes (blue lines), and repetition (dashed lines).
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(t(65) = 14.04, p < 0.001), and a strong repetition enhancement

effect in the SAL (t(65) = �13.14, p < 0.001) (Figure 3B).

Interrogation of the repetition effects for the OA and YA groups

independently showed repetition suppression for both groups in

the MTL and DMN and repetition enhancement in the SAL (Fig-

ure S2). Contrasting repetition suppression for the OA and YA

groups showed significant differences in repetition effects in

the MTL (t(64) = �6.87, p < 0.001) and DMN (t(64) = �4.76,

p < 0.001) but not in the SAL (t(64) = 1.82, p = 0.073). Further,

investigating the back reconstructed component maps for the

MTL and DMN for OA and YA groups independently showed

highly similar spatial distribution of the underlying hemodynamic

sources (Figure S3). Together, this suggests that there were no

systematic differences in component estimation using spatial

ICA between OA and YA and time series were robustly estimated

for the underlying functional networks.

System-level processing of repetition—DCM

We next used DCM to assess cortical processing of repeated

stimuli for the 42 OA who had both Ab and EC-tau PET imaging.

We used deterministic, bilinear DCM to infer directed influences

among cortical regions (i.e., effective connectivity) and the mod-

ulation of this connectivity by experimental task conditions (Fig-

ure 1). Crucially, these connections can either be enhancing

(excitatory) or suppressing (inhibitory), reflecting the balance of

local and distant E-I balance. Informed by our GLM results, we

selected the LOC and PPA as category-specific input nodes

receiving input from object and scene stimuli respectively, and

included the MTL, DMN, and SAL as higher order networks.

For each participant we built a fully connected DCM, only

excludingmutual connections between PPA and LOC.We incor-

porated the distributed nature of repetition suppression in the

cortex by permitting repetition to modulate any connection (Fig-

ure 4A). We did not include connections between PPA and LOC

because we were not interested in category-specific differences

in effective connectivity when stimuli are repeated. We observed

a reasonable agreement between the DCM generated BOLD

time series and the observed network time series (mean ± SD

R2 = 22.2 ± 12.5%) supporting interrogation of effective connec-

tivity parameters.

Effects of AD pathology on cortical processing of

repetition—PEB

We next used parametric empirical Bayes (PEB) analyses to infer

how AD pathology impacts the processing of repeated stimuli

among these cortical networks. This approach entails an itera-

tive search over reduced (‘‘lesioned’’) models to investigate the

impact a DCM parameter (e.g., modulation of connectivity by

stimulus repetition) has on the model fit. Using this analysis,

we determined the influence of each parameter (i.e., its posterior

probability [Pp]) on the overall likelihood of the model indepen-

dent of pathology (i.e., common effect), as well as the effect an

increase in Ab or EC-tau has on model parameters. Informed

by the spatial extent of Ab and EC-tau, we restricted the PEB

analysis to the modulation of the directed connections between

the DMN and MTL (for completeness we present the full results

for the PEB analysis in Figure S4).

We first observed very strong evidence of bidirectional inhibi-

tion fromMTL to DMN (�0.38, p > 0.99) and DMN toMTL (�0.29,

p > 0.99) when stimuli are repeated (Figure 4B). However, we

observe a transition from inhibition of the DMN by the MTL to

excitation (2.02, p > 0.99) with increasing levels of Ab. Similarly,

we observe a transition from inhibition of the MTL by the DMN to

excitation (1.69, p > 0.99) with increasing levels of EC-tau (Fig-

ure 4C). Due to the correlation between Ab and EC-tau (r(40) =

0.51, p < 0.001) we also reversed the order they were hierar-

chically entered into the PEB, observing nearly identical results.

This suggests that despite their collinearity, Ab and EC-tau have

differential and specific effects, with Ab increasing the gain of the

DMN, which, in turn, overstimulates the MTL. Finally, we interro-

gated the effective connectivity for YA and Ab negative OA and

observed the DMN received inhibitory inputs from across the

Table 1. Sample descriptive statistics

Analysis ICA DCM Longitudinal FTP

Age category YA OA OA OA

Sample size 21 45 42 32

Age, years (mean ± SD) 26.8 (4.50) 78.0 (6.25) 78.2 (6.38) 78.9 (4.96)

Sex, female 12 17 17 12

Education, years (mean ± SD) 16.9 (1.50) 17.0 (1.36) 17.1 (1.40) 17.0 (1.30)

APOE 4 (1 or more allele) – – 15a 13b

PiB DVR (mean ± SD) – – 1.18 (0.25) 1.18 (0.26)

Ab+ – – 21 16

EC-FTP SUVR (mean ± SD) – – 1.30 (0.23) 1.31 (0.24)

EC-FTP SUVR/year (mean ± SD) – – – 0.024 (0.01)

Follow up visits (2/3/4) – – – 15/15/2

1 missinga 1 missingb

ICA column shows demographics for YA and OA used to extract task-related cortical networks from the fMRI data. DCM column shows demographics

and descriptive statistics for the Ab and tau PET markers for OA included in the DCM analysis. Longitudinal FTP column shows demographics and

descriptive statistics for the OA with longitudinal FTP EC-tau. Ab positivity is determined using a DVR threshold > 1.065.
aAPOE 4 not available for one individual from the DCM OA sample.
bAPOE 4 not available for one individual from the Longitudinal FTP OA sample.
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cortex with no evidence of a transition to hyperexcitability in the

DMN for the Ab negative OA (Figure S4). This suggests that the

AD-related effects between the MTL and DMN, showing a tran-

sition from inhibition to excitation, are not a feature of aging in

general but rather a consequence of the transition from aging

to AD pathological change.

Estimating AD pathology through directed

hyperexcitation—Cross-validation analyses

Weperformed a series of leave one out (LOO) validation analyses

to assess the generalizability of the associations between effec-

tive connectivity and Ab and EC-tau. In these analyses we used a

single PEB parameter (i.e., modulation of DMN to MTL connec-

tivity when stimuli are repeated) to generate an out-of-sample

estimation of EC-tau burden. To determine if Ab status was a fac-

tor in this relationship, we split the 42 OA into different groups

based on Ab status (n Ab+ = 21, n Ab� = 21) and performed

LOO cross-validation to estimate individualized EC-tau burden

for each group independently. We observed that current EC-

tau burden was associated with the excitation of the MTL by

the DMN only in the Ab positive sample (Ab+ r(19) = 0.48, p =

0.014; Ab� r(19) = 0.20, p = 0.2) (Figures 5A and 5B). Contrasting

the absolute error between the estimated EC-tau burden and the

observed EC-tau burden, showed a significantly better fit for the

Ab positive sample (t(40) = �2.44, p = 0.019; Ab+ mean average

error [MAE] = 0.42; Ab� MAE = 0.79). This suggests that for Ab

positive (but not negative) individuals, the EC-tau burden is

closely associated with the degree of MTL excitation by

the DMN.

We next used the same approach to test if the excitation of the

MTL by the DMN is predictive of the rate of EC-tau accumulation

for 32 of the OA who had multiple FTP-PET scans (Table 1).

When assessing the out-of-sample performance we observed

that estimated values of EC-tau accumulation were significantly

associated with the observed values (r(30) = 0.45, p = 0.005) (Fig-

ure 5C). Finally, we stratified the sample by Ab status (n Ab+ = 16,

n Ab� = 16) and examined the two samples independently. We

observed that the modulation of DMN to MTL connectivity

when stimuli are repeated is closely associated with the rate

RVUS-PTFRVD-BiP
54.152.16.13.1

EC-FTP SUVR (PVC)

1.30±(0.23)

EC-PiB DVR 

0.97±(0.10)

a. Average distribution of PiB-PET uptake  b. Average distribution of FTP-PET uptake  A B Figure 2. Spatial distribution of Ab and tau

(A) Average distribution of PiB-PET across the

cortex in Montreal Neurological Institute (MNI)

space. Bottom row shows an expansion of the

MTL revealing low uptake of PiB PET tracer in the

EC (mean distribution volume ratio [DVR]) = 0.97 ±

0.1).

(B) Average distribution of FTP-PET across the

cortex in MNI space without partial volume

correction, bottom row shows an expansion of the

MTL revealing high uptake of FTP-PET tracer in

the EC (mean partial volume corrected SUVR =

1.30 ± 0.23).

an individual accumulates EC-tau for

both Ab positive and negative groups

(Ab+ r(14) = 0.51, p = 0.021; Ab� r(14) =

0.47, p = 0.034). This suggests that the

overall rate an individual is accumulating

tau is related to the degree of excitation of the MTL by the

DMN and that this relationship may be independent of Ab status.

Alternative hypotheses

To provide additional support for the cascade of events pre-

sented above, we ran a series of LOO analyses testing alterna-

tive hypotheses. First, we tested whether the hyperexcitability

of the DMN is associated with tau that has migrated out of the

EC into the neocortex. We observed no association between

tau in regions comprising Braak III/IV stages37 and the degree

of excitation of the DMN by the MTL when stimuli are repeated

(r(40) = 0.07, p = 0.33) (Figure S5A). Second, we tested whether

the degree of excitation of the DMN by the MTL drives Ab accu-

mulation. We observed that the overall rate of Ab accumulation is

not closely linked to the degree of excitation of the DMN by the

MTL when stimuli are repeated (r(30) = 0.25, p = 0.082) (Fig-

ure S5B). Third, we tested whether the degree of excitation of

the MTL by the DMN is specifically linked to EC-tau accumula-

tion. We observed that the degree of excitation of the MTL by

the DMN when stimuli are repeated is not related to the rate of

tau accumulation in the inferior temporal lobe (r(30) = 0.25, p =

0.09) (Figure S5C). Further, we observed that the overall rate of

EC-tau accumulation is not related to the degree of excitation

of the MTL by the SAL network when stimuli are repeated

(r(30) = 0.13, p = 0.24) (Figure S5D). Together, these additional

analyses support the proposal that the hyperexcitation of the

DMN reflects the current Ab burden, which then drives the hyper-

excitability of the MTL and the ensuing regionally specific accu-

mulation of tau in the EC.

DISCUSSION

Here, we show the impact of Ab on E-I balance in a simple repe-

tition suppression task in cognitively normal older people with

varying levels of AD pathology. We found that this imbalance

was important in determining the deposition and longitudinal

accumulation of tau pathology. We observed a transition from

the normative inhibitory cortical mechanisms that encode repe-

tition to a pathology-induced excitatory feedback loop. This
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overstimulation of the MTL by the DMN is associated with the

rate an individual accumulates tau in the EC.

The ability to effectively implement repetition suppression re-

lies on finely tuned E-I balance and synaptic plasticity, embodied

in the sign of the DCM connectivity parameters. Ab has been

shown to impact NMDA glutamate receptors38 and increase pre-

synaptic glutamate release,39,40 which, in turn, impairs short-

term synaptic plasticity.41,42 Further, the release of APP leading

to Ab impairs GABAergic interneuron function,43–45 impacting

the passing of signals through the cortical hierarchy.46 Finally,

there are well-established links between dysfunction of the

cholinergic system and AD,47 which will, in turn, impact the

fine-scale tuning of cortical responses through gain con-

trol.42,48,49 This disruption to E-I balance has recently been

observed in postmortem parietal cortices of early onset AD pa-

tients showing elevation in E-I ratios (i.e., hyperexcitability) within

brain regions comprising the DMN.50 Together, this suggests

that Ab and associated cellular functions will have a profound ef-

fect on the ability of the local cortical population (i.e., DMN) to un-

dertake efficient processing of repetition through optimal E-I

mechanisms. As such, Ab induced hyperexcitability may under-

lie the transition of the DMN and MTL from a normative inhibitory

loop to an excitatory loop.

The failure of the DMN to ‘‘deactivate’’ during task conditions

is well reported for patients with AD.33,51–53 This transition from

normative task-dependent deactivation to activation has also

been robustly observed in cognitively normal individuals with

Ab.54 Similarly, task fMRI paradigms have shown an association

between early Braak stage tau and hippocampal hyperactivi-

ty.23,24 Our results indicate that this pattern of hyperactivity is

related to E-I imbalance and to the progression of tau pathology,

providing evidence that aberrant neural activity may be the

crucial process driving remote Ab and tau interactions.

The accumulation rate of tau in the EC is longitudinally pre-

dicted by howmuch theMTL is excited by the DMN independent

of Ab status, supporting the link between hyperexcitability and

tau release shown in mouse models.13–15 Further, in our analysis

of the effects of Ab on the DMN,we showDMNhyperactivity with

increasing levels of Ab. Given evidence that current Ab burden is

related to the duration of Ab accumulation,55 this suggests indi-

viduals with a higher Ab burden may have been in a prolonged

period of directed hyperactivity (i.e., MTL over excitation by

DMN), resulting in an increased tau burden in EC. We suggest

that it is this persistent excitation of the MTL by the DMN when

burdened by Ab that associates Ab and the primary pathological

accumulation of tau in the EC. This provides a plausible mecha-

nistic link between Ab and EC-tau accumulation through

directed hyperactivity, extending work showing associations be-

tween MTL activity and tau accumulation observed in a partially

overlapping sample.24

Our findings can be positioned alongside existing theories that

link Ab and EC-tau accumulation (e.g., the cascading network

failure model of AD56,57). We find that the association of DMN

to MTL hyperactivity and EC-tau deposition falls within the later

stages of this model, whereby a compromised DMN ‘‘offloads’’

the burden of processing repeated stimuli onto the MTL where

it exacerbates tau accumulation. However, the cascading

network failure model posits that DMN hyperconnectivity pre-

cedes amyloidosis58 in the early pathological stages. Here, in

contrast, we do not observe a close association between the
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(A) Contrast of scenes minus objects activation for the LOC (t(65) =�21.64, p < 0.001) and PPA (t(65) = 22.4, p < 0.001), negative values indicate higher activation

for objects, positive values represent a higher activation for scenes.

(B) Contrast of novel minus repeated activation for the DMN (t(65) = 14.04, p < 0.001), MTL (t(65) = 10.98, p < 0.001) and SAL (t(65) =�13.14, p < 0.001) networks,

positive values show repetition suppression, negative values show repetition enhancement. Dashed line indicates 0 on the y axis. Blue boxes show the 25th and

75th percentile of the data, dashed whiskers show the full range of the data, red lines indicate the median value, and the red cross shows an outlier.
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MTL to DMN hyperactivity and the rate of Ab accumulation. Pre-

viouswork has shown connectivity within theDMN follows a non-

linear trajectory, increasing throughout mid-life, plateauing at

about 70 years, followed by a subsequent decline.59 This trajec-

tory of DMN hyperconnectivity tracks with both memory perfor-

mance59 and the level of AD pathological burden (i.e., tau in

Ab+ populations).60 The underlying cause of this trajectory of hy-

perconnectivity in the DMN is yet to be fully understood and may

be in response to the initial presence of Ab,61 or, acting in a pos-

itive feedback loop with emerging amyloidosis for example

through APP processing at the synapse62 catalyzing cascading

network failures.56,57 It is possible that our sample is at the tipping

point of hyperconnectivity in theDMNand thus falls in later stages

of Ab induced changes to network properties.60,61 However,

direct comparison of within-network resting-state connectivity

and between-network task-induced hyperactivity is difficult

because these variables track distinct neural processes.

The findings presented here also help to explain how Ab can

promote tau propagation despite the disparate spatial patterns

of the two pathological proteins. Molecular interactions at a dis-

tance or via axonal connectivity have been hypothesized to un-

derlie these events63; here, we demonstrate that physiologic fac-

tors are crucial. The initial aggregation of Ab is in the neocortex,64

and the initial aggregation of cortical tau is in the transentorhinal

cortex.6 As such, early emergence of tau tangles in the entorhinal

region occurs in the absence of Ab plaques in the same loca-

tion6,65,66; therefore, the initial interacting effects of Ab and tau

are likely remote. The long-range hyperexcitation of the MTL

by the DMN provides both a biophysically and mechanistically

plausible association between regional Ab and primary patho-

logical tau accumulation in AD.

To test this model, we employed a two-stage computational

approach, using high-dimensional ICA to identify DMN and

MTL networks, with subsequent hypothesis-driven DCM to infer

the interactions between them. Employment of low dimensional

ICA often yields a small number of very large networks whereby

the hippocampus is embedded in the DMN network.67 Here, we

employed a high-dimensional ICA allowing for a more nuanced

view of the task- and disease-dependent dynamic interactions

between these more functionally specialized networks. We

then infer from the weights of the DCM parameters that these in-

teractions switch from a normative inhibitory effect to excitatory

in the presence of AD pathology. Although this approach pro-

vides a unique, mechanistic insight into the emergence of AD pa-

thologies, we acknowledge that caution is required when inter-

pretating model-based inferences. Similar to all modeling

approaches, DCM rests upon several assumptions, such as

the role of low dimensional dynamics shaping population-level

neuronal activity.68

Our findings should be interpreted in the light of several ca-

veats. Here, we have focused on the transition from normal aging

to late-onset sporadic AD, and as such, our findings may not

DMN

PPA

SAL

LOC

MTL

Input Scenes Input Objects

DMN MTL

-0.29

-0.38

b. Commonalities

DMN MTL

EC-tau
1.69

Aβ
2.02

c. Effect of AD Pathologies

Repetition

Repetition

a. DCM ModelA B

C

Figure 4. Effects of AD pathology on cortical processing of repetition

(A) DCM model specification. We entered category-specific stimuli into the DCM through input nodes for scenes (PPA) and objects (LOC). We let repetition

modulate any connection of a fully connected DCM (except mutual connections between input nodes). Arrows represent the direction of effective connectivity

between nodes.

(B and C) Impact of AD pathology on effective connectivity. (B) The commonalties indicating on average the DMN and MTL are inhibited (blue line, negative

number) by one another when stimuli are repeated. (C) The effects of colocalized pathology on effective connectivity indicating with greater levels of Ab the DMN

is excited by the MTL (red line, positive number) and with greater levels of EC-tau the MTL is excited by DMN when stimuli are repeated. PEB parameters shown

have very strong Bayesian evidence (posterior probability > 0.99).
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account for atypical AD cases. Previous work has shown that

typical late-onset and atypical variants share disrupted network

properties.69 However, studying these atypical cases longitudi-

nally in asymptomatic stages is difficult due to their uncommon

presentations and challenges in early identification.70 Our ana-

lyses focused on how disruptions to cortical processing impacts

EC-tau accumulation, a region observed in the vast majority of

typical late-onset AD.1,71,72 Similar to previous accounts related

to hyperconnectivity,69 we conjecture that the core underlying

process may be common to these variants, (Ab-related hyperex-

citement/ compensatory shift in processing burden/ distant

tau accumulation) but with a different remote target circuit for the

final stage leading to the distinct clinical phenotypes. Further, the

task used in this dataset was designed to disassociate cortical

memory networks through testing mnemonic discrimination of

novel scenes and objects.34,35 This task context may explain

why Ab-related hyperactivity within the DMN is specific to the

afferent stimulation from the MTL, with strong coupling between

these regions reported in memory retrieval.73–79 We suggest the

biophysical effects of localized Ab lead to an increase in the gain

of the DMN when receiving these strong task-related affer-

ents,8–10 which manifests as the hyperexcitability of the DMN

that we observe. Futurework involvingmore traditional repetition

suppression paradigms that have been shown to elicit robust

patterns of parietal connectivity80,81 may be useful to further

investigate if afferent connection from the MTL drives Ab-related

DMN hyperactivity and if this effect extends to other task-spe-

cific circuits. Extending beyond repetition suppression, alterna-

tive experimental paradigms that probe how the brain processes

the regularities of our environment may be employed, such as a

probabilistic oddball paradigm.82,83 These paradigms parametri-

cally assess a more general form of statistical learning—or
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Figure 5. Estimating AD pathology through directed hyperexcitation

(A) Out-of-sample estimation of EC-tau burden for the Ab positive group (r(19) = 0.48, p = 0.014).

(B) Out-of-sample estimation of EC-tau burden for the Ab negative group (r(19) = 0.20, p = 0.2).

(C) Out-of-sample estimation of the rate of EC-tau accumulation (r(30) = 0.45, p = 0.005).

(D) PEB parameter used to generate out-of-sample estimates. Out-of-sample predictions of EC-tau burden and accumulation were performed using the degree

of excitation of the MTL by the DMN when stimuli are repeated. Group estimates of the relationship of this parameter with EC-tau burden are shown in Figure 4C

There was no group level analysis investigating effects of DCM parameters on EC-tau accumulation, rather out-of-sample validation was performed blind when

assessing if the degree of excitation of the MTL by the DMNwhen stimuli are repeated is predictive of the rate of EC-tau accumulation. x axes show estimates of

EC-tau burden or accumulation using excitation of MTL by DMNwhen stimuli are repeated. Mean values were removed from the EC-tau burden or accumulation

variables in the PEB models and re-added to both x and y axes for visual purposes.
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predictive coding—which draws on the same mechanisms dis-

cussed above (i.e., synaptic plasticity and the E-I balance).46

This may provide a useful framework to assess the broader

range of cognitive and neurological disturbances seen across

the AD clinical spectrum.84 Furthermore, by utilizing brain imag-

ing techniques with a finer timescale (e.g., E/MEG), experimental

paradigms could be employed to further probe spectral changes

in E-I balance observed in AD.85

Conclusions

Our brain processes the overwhelming amount of information

bombarding our sensorium through mechanisms such as repeti-

tion suppression. These statistical learning mechanisms are

constantly performed by the brain and are useful tools to assess

how aberrant cortical processing is situated along the AD path-

ological cascade. We have shown clear disassociations be-

tween normative and pathological processing that provides in-

sights into the effect that AD pathologies have on cortical

function. In so doing, we propose network-to-network hyperex-

citability due to Ab induced disruptions to E-I balance as a poten-

tial causal route that links remote interactions between Ab and

primary tau accumulation.
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METHOD DETAILS

Methods

72 participants (50 cognitively normal OA, 22 YA) performed an fMRI task involving novel and repeated scenes and objects. 42 of

these OA had measures of both Ab using PiB-PET and cross-sectional EC-tau using FTP-PET. We decomposed the fMRI data

for 66 participants (45 OA, 21YA) who passed quality control into functional networks using group spatial ICA and then used

DCM to infer cortical interactions supporting responses to repeated stimuli. We used a hierarchical Bayesian approach to uncover

how individual differences in these interactions are related to AD pathologies. Finally, we ran leave one out validation to use these

network interactions to estimate cross sectional and longitudinal EC-tau.

Participants

Cognitively normal OA and YA were recruited as part of the Berkeley Aging Cohort Study. OA are community-dwelling cognitively

normal elderly individuals with a Geriatric depression scale (GDS) score %10, Mini mental status examination (MMSE) score

R25, no current neurological and psychiatric illness, normal functions on verbal and visual memory tests (all scores R�1.5 SD of

age-adjusted, gender-adjusted, and education-adjusted norms) and age 60–90 (inclusive) years. The Institutional Review Boards

of the University of California, Berkeley and the Lawrence Berkeley National Laboratory (LBNL) approved this study. All participants

provided written informed consent.

Imaging acquisition and pre-processing

Imaging acquisition, participant exclusion, task design and pre-processing have also been described elsewhere.30

PET imaging

42 of the OA underwent molecular imaging on a Siemens Biograph PET/CT to measure both global Ab and EC-tau burden. For Ab

imaging �15 mCi if PiB tracer was injected into an antecubital vein, and dynamic acquisition frames were obtained over a 90 min

measurement interval (43 15 s frames, 83 30 s frames, 93 60 s frames, 23 180 s frames, 83 300 s frames, and 33 600 s frames)

following an X-ray CT. Distribution volume ratios (DVRs) were generated with Logan graphical analysis on the aligned PiB frames us-

ing the native-space grey matter cerebellum as a reference region. PiB images were fit in the 35–90 min window following injection.

For each subject, a global cortical PiB index was derived from the native-space DVR image coregistered to the MRI using FreeSurfer

(5.3) parcellations using the Desikan–Killiany atlas to define frontal (cortical regions anterior to the precentral sulcus), temporal
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(middle and superior temporal regions), parietal (supramarginal gyrus, inferior/superior parietal lobules, and precuneus), and anterior/

posterior cingulate regions- ROIs combined as a weighted average. There was no partial volume correction performed. To assign Ab

positivity a threshold of DVR>1.065 was used. To extract rates of subject specific Ab accumulation we used linear mixed-effects-

models.24,86

The FTP-PET protocol entailed the injection of 10 mCi of tracer followed by acquisition 80–100 min post injection. FTP data were

realigned and the mean of all frames used to co-register FTP to each participant’s MRI acquired closest to the time of the FTP-PET.

Standardized uptake value ratio (SUVR) images were calculated by averaging mean tracer uptake over the 80- to 100-min data

normalized by an inferior cerebellar grey reference region. The mean SUVR of each native space FreeSurfer ROI was extracted

and partial volume corrected using a modified Geometric Transfer Matrix approach.87,88 We used partial volume corrected data

to ensure that off-target FTP signal and partial volume effects did not affectmeasures of FTP in the entorhinal ROI.We carried forward

the averaged SUVR value for left and right entorhinal ROIs from the Desikan-Killiany atlas as our measure of cross sectional EC-tau.

To extract regional rates of tau accumulation we used a previously published processing pipeline involving an optimised white matter

reference region to derive SUVRs and linear mixed-effects-models to extract subject and region specific rates of accumulation.24,86

fMRI acquisition

3T acquisition of structural and functional MRI was performed at the Henry H. Wheeler Jr. Brain Imaging Centre with a 3T TIM/Trio

scanner (Siemens Medical system, software version B17A) and a 32-channel head coil. Whole brain structural images were acquired

using a T1-weighted volumetric magnetization prepared rapid gradient echo image (MPRAGE; voxel size = 1 mm isotropic, TR =

2300 ms, TE = 2.98 ms, matrix = 256 240 160, FOV = 256 240 160 mm3, sagittal plane, 160 slices, 5-min acquisition time). High-res-

olution whole-brain functional data were acquired using T2*-weighted gradientecho echoplanar images (GE-EPI; voxel size =

1.54 mm isotropic, multiband acceleration factor 4, TR = 2400 ms, TE = 37 ms, flip angle = 45, matrix = 138 138, FoV = 212

212 mm2, interleaved acquisition, 88 slices, PA phase encoding, two 13 min runs). Two gradient echo images with different echo

times were additionally collected for distortion correction (1.54-mm isotropic resolution, R-L encoding direction, TR = 1000 ms,

flip angle = 60, TE1 = 5.6 ms, TE2 = 8.06 ms).

Task

fMRI was acquired while participants were presented with blocks of four stimuli of either objects or scenes with the first two stimuli

within a block novel and the next two stimuli either the same or a similar lure stimulus. Throughout the task participants were in-

structed to indicate whether a stimulus was old or new. Within the scanning session, participants performed two runs of the task

comprising 128 trials (64 first-repeat pairs, 64 first-lure pairs). Each run began and ended with a perceptual baseline condition, which

consisted of scrambled noise images with similar luminosity and colour to the test stimuli. Stimuli were presented in an event-related

design usingNeurobehavioral Systems (https://nbs.neurobs.com). Each object or scene imagewas shown for 3 s and separated by a

white fixation star with jittered interstimulus intervals ranging from 0.6 to 4.2 s. Prior to the scanning sessions participants were

trained on the task to ensure familiarity and excluded if performance on the mnemonic discrimination in the scanner was close to

chance (n=3 OA).34

fMRI preprocessing

fMRI preprocessing was conducted with Statistical Parametric Mapping (SPM, version 12, Wellcome Trust Center for Neuroimaging,

London, United Kingdom). The first five images of each fMRI run were discarded to ensure T1 equilibrium. Slice time correction was

performed to correct for differences in acquisition, using the middle slice in time as a reference. Motion and distortion correction

was then performed using the FieldMap toolbox v2.1 with the ‘‘realign and unwarp’’ SPMmodule. During this process, the T1 image

was coregistered to the first EPI, and all EPIs were realigned to the first EPI image. EPIs were spatially smoothed with a 4mm

Gaussian kernel to improve the group estimation of spatial independent components.89 Outlier frames for each run were included

as spike regressors in the first-level design matrix.90 Outliers were detected based on average intensity (z-score of 5) and motion

(0.9 mm/TR) using the art.m function of the CONN toolbox, with participants excluded if 20% of the fMRI volumes we detected

as outliers (n= 2 OA; 1 YA).

Independent Component Analysis (ICA)

We used spatial group ICA to extract participant specific hemodynamic source locations using the Group ICA fMRI Toolbox (GIFT)

(http://mialab.mrn.org/software/gift/). Pre-processed fMRI data from both groups (i.e. YA and OA) were included in the group ICA to

get a robust estimation of the task based cortical networks of interest.We used theMinimumDescription Length criteria36 to estimate

the dimensionality and determine the number of independent components for dimensionality reduction. We used a two-level dimen-

sionality reduction procedure using Principal Component Analysis; first at the participant level and then at the group level. The ICA

estimation (Infomax algorithm) was run 20 times and the component stability was estimated using ICASSO. This procedure resulted

in 67 spatially independent components. For each subject we generated participant-specific spatial maps for each component using

back reconstruction. The result of the ICA is a time course for each component (functional network) for each participant while they

performed the task. To ensure that all time courses are in a comparable range across subjects we normalized each component time

course for each run to have a mean of 0 and a standard deviation of 1 (i.e. z-score). Finally, we ran a one sample t-test on these back

reconstructed spatial maps to estimate a group level spatial map and determine which cortical voxels are significant hemodynamic

sources within each component. To ensure the ICA time series for our networks of interest were not subject to any unaccounted-for

axis rotations we correlated the average and ICA timeseries. Within the DMN and MTL we observed no unaccounted flipping in the
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sign of the time series in the ICA estimation (average signal vs. ICA signal (Pearson’s correlation coefficient, DMN mean±std

(r=0.37±0.14), t(65)=21.7, p<0.001; MTL mean±std (r=0.42±0.16), t(65)=21.0, p<0.001)).

ICA-GLM

To assess the task related activity for these ICA-derived cortical networks, we regressed the normalized time courses against

the task design. We extracted parameter weights (b-weights) for stimulus category (i.e. object or scene) as well as novel and

repeated stimuli. The GLM included as confounds of no interest spike regressors for outlier frames as well as the 6 motion pa-

rameters estimated in realignment. We assessed the cortical activity in response to stimulus category (i.e. objects b-weight –

scenes b-weight) and repetition (novel b-weight – repeated b-weight) for each of our cortical networks using one sample t-tests

against 0 with a FWE correction p<0.05. For subsequent analyses, we performed a nuisance regression on each of selected

network time courses by partialing out the effect of our confounds of no interest (i.e. spike regressors and motion parameters).

To benchmark our ICA-derived networks with those described in the existing literature, we compared repetition effects in the

ICA derived DMN and MTL time series to those extracted from a meta-analytical mask for these networks. Both the meta-

analytical and ICA timeseries were sensitive to the task manipulations showing a strong repetition effect. However, the ICA pro-

cedure extracted networks that were smaller in extent and more functionally specific. The ICA networks also showed stronger

task-specific modulation effects (Data S1; Figure S6), consistent with data-driven derivation. Nonetheless, the broader conver-

gence of effects demonstrates that the networks we focus on here are consistent with the canonical networks subject to exten-

sive prior research.

Dynamic Causal Modeling (DCM)

To investigate the neuronal interactions between our selected cortical networks underlying task execution (i.e. effective connectivity)

we used a deterministic bilinear DCM. DCM uses forward modeling at the level of the neuronal dynamics of a system through a

bilinear differential equation. This model takes the form _z= ðA +

PM
j = 1ujB

jÞz +Cu where _z is the change in neural activity per unit

time (i.e. derivative of neuronal state for each region), u introduces the experimental inputs, A is amatrix defining the intrinsic coupling

between regions, B is a matrix representing modulatory effects of specific inputs on the connectivity between regions, and C is a

matrix encoding the effect of the driving inputs u on those regions receiving those directly (see Methods S1).

Subject level model design and specification followed the procedure described in Zeidman et al.91 A template model structure was

built using the DCM graphical user interface in SPM. We then updated this template structure for each subject with specific task

design matrices and ICA timeseries. To model the effects revealed by the GLM results we built our DCM to include input nodes

that were category specific (i.e. scenes or objects) and the higher order networks that showed significant effects of repetition.

The input nodes we selected for the DCM showed preferential activity for either scenes (PPA) or objects (LOC) stimuli. These input

nodes are driven by the experimental conditions for scene or objects respectively (i.e. C matrix). The higher order networks that

showed significant effects of repetition (MTL, DMN and SAL) were included to understand the modulating effect of repetition on

the coupling between cortical networks (i.e. entries in B matrix). We built the directed graph of our DCM (i.e. A matrix) as a fully con-

nected bidirectional graph except for connections between our two input nodes (i.e. LOC and MTL) which were left absent. We were

specifically interested in the parametersmodeling repetition-modulated effective connectivity between networkswith colocalized AD

pathologies (i.e. B matrix DMN to MTL, and MTL to DMN).

As noted above, DCMderives from a dynamic systems framework, and as such, eachmodeled directed connection represents the

rate of change of neural activity in response to incoming signals (A and Cmatrix), or the up- or downmodulation of that rate of change

(B matrix). As such, it is standard to think of these effects as being excitatory (more positive rate of change = slower damping) or

inhibitory (more negative rate of change = stronger damping). These modulatory parameters are rate constants that take the unit

of Hertz and infer how afferent signal from one region leads to excitation or inhibition of another region.92 For further theoretical expli-

cation and in silico validation see 93.

Parametric Empirical Bayes (PEB)

The PEB approach uses hierarchical Bayesian modeling within a random effects framework to estimate each parameter, assuming

that each subject has the samemodel architecture but varying strengths of the connections within the groupmodel (for recent review

and validation see 94). Bayesian Model Reduction (BMR) is first deployed to prune away parameters that don’t contribute to model

evidence (i.e. Free Energy). The BMR procedure iteratively tests different mixtures of connections and covariates and removes pa-

rameters that don’t contribute tomodel evidence.95 In this way only a single full DCMper subject is specified and the contribution of a

given parameter within this full model is statistically assessed by comparing the evidence for models retaining this parameter vs.

models without this parameter.96 As model evidence (Free Energy) is a trade-off between the accuracy of the generative model

(i.e. ability to predict observed BOLD data) and its complexity (the number of parameters and their divergence from their original

values prior to model selection), this selection procedure yields a reduced model that provides the most parsimonious description

of the observed data. Comparing the model evidence (Free energy) of all models in which a parameter is switched on vs. off yields

a posterior probability (Pp) corresponding to each model’s contribution to the overall model evidence. We present results of PEB

parameters with very strong Bayesian evidence (Pp>0.99).
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PEB estimation was run in SPM using the DCM Second Level interface as described in Zeidman et al.94 To determine the effect of

AD pathology on effective connectivity we included the following regressors within the PEB designmatrix (i.e. Xmatrix); a.) a constant

term, b.) mean centred continuous global Ab and c.) mean centred continuous EC- tau. As our effective connectivity parameters of

interest are related to howADpathologies impact the processing of repetition, we focussed our investigation on the influence of these

covariates (i.e. Ab and EC-tau) on the modulation of coupling between the DMN and MTL (i.e. on the B matrix elements for DMN to

MTL, and, MTL to DMN). Having entered a constant term andmean centred covariates of interest (i.e. EC-tau and Ab) the parameters

represent the mean coupling strength across the group between DMN andMTLwhen stimuli are repeated, and, the additive effect of

each AD pathology on this common effect. In this way a negative value for the commonality represents an inhibitory connection (more

damping) and a positive value for a covariate of interest represents an increase in excitation (less damping/more excitation) scaled by

the value of the covariate (i.e. Ab or EC-tau).

In the framework of PEB, complex models that do not parsimoniously predict the data are down weighted, favouring a simpler

model. Complexmodels have a greater chance to compete in the presence of precise, highly sampled data (where they have a higher

chance or precisely predicted the data) but are less likely in noisy and/or downsampled data, where simpler models are favoured. In

the setting of longer TR data, parameters that are retained in the model (or which show effects across groups of effects, such as the

presence or absence of tau) must explain substantial variability in the data. In addition, we collapsed across stimulus category rep-

etitions (i.e. combining object and scenes) resulting in 128 repetition trials across both runs for each participant. Taken together, the

fitting procedure of DCM and the relatively large number of repetition trials in the data adds to the validity of model-based inference in

this study.

Finally, we used cross validation to assess how the magnitude of the PEB effects related to the degree of variance in EC-tau pa-

thology. Specifically, we ran a leave one out (LOO) validation using effects of interest (i.e. the modulation of the coupling between the

DMN andMTL) to estimate out-of-sample outcomes of interest (i.e. EC-tau burden and accumulation). We ran the LOO in SPM using

the DCM Second Level interface. We used LOO as it is a statistically robust approach to assess associations when sample sizes are

small. We report the Pearson correlation coefficient (r) and the p value for the right tail correlation of model estimated vs. observed

covariates of interest (i.e. EC-tau burden and rate of EC-tau accumulation).
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