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Abstract

Alzheimer’s disease (AD) is characterised by the accumulation of 3-amyloid (A) and tau proteins, resulting in
neurodegeneration and cognitive decline. Although AB and tau disrupt synaptic function, the association linking
these molecular pathologies to network-level dysfunction and memory impairment remains poorly understood.
Here, we investigated the effects of AR and tau pathology (CSF AB42/40 ratio and tau phosphorylated at position
181, p-tau-181, respectively) on effective connectivity related to memory encoding, which may provide a link
between synaptic pathology and cognitive outcomes. Functional magnetic resonance imaging (fMRI) during visual
memory encoding was acquired from 205 participants in the multicentric DZNE Longitudinal Cognitive Impairment
and Dementia Study (DELCODE) across the AD spectrum. Effective connectivity was assessed using Dynamic Causal
Modelling (DCM) of task-fMRI data, focusing on the parahippocampal place area (PPA), hippocampus (HC), and
precuneus (PCU)—regions central to memory encoding. Disruptions in connectivity between temporal and parietal
lobes were associated with both memory impairment and indices of AD pathology. Specifically, reduced positive
effective connectivity from the PCU to the PPA and from the HC to the PCU were linked to higher p-tau-181 levels,
with an amplification effect observed in the presence of amyloid accumulation for the latter connectivity. The
disruption from the PCU to the PPA was found to be associated with decreased memory performance. Together,
these findings indicate that temporo-parietal connectivity is associated with both AD molecular pathology and, for
a subset of connections, with memory performance.
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Introduction

As Alzheimer’s disease (AD) progresses in the brain, it
causes cognitive impairment and decline due to neuro-
degeneration and synaptic dysfunction. Impairment and
functional decline in AD do not only depend on which
brain regions are affected but also on the integrity and
dynamics of interactions among these regions. However
there is still a lack of studies investigating how connectiv-
ity across brain regions of the episodic memory network
relates to AD pathology and cognitive impairment during
the execution of memory tasks.

AD is characterised by spatially complex aggregation of
beta-amyloid (Ap) plaques and tau protein, both contrib-
uting synergistically to synaptic dysfunction, neuronal
loss, and cognitive decline [1, 2]. AB accumulation begins
in neocortical areas, before progressing to deeper brain
structures [3, 4]. Whereas tau accumulation follows a dif-
ferent anatomical spreading pattern: it often originates in
the brainstem and spreads to limbic regions critical for
memory and spatial navigation, most notably the entorhi-
nal cortex and hippocampal formation [5, 6]. Recent evi-
dence also suggests that AB-induced hyperconnectivity
facilitates the spread of tau pathology across functionally
connected brain regions, particularly to AB-accumulating
regions, further exacerbating synaptic disruption and
cognitive decline [7, 8]. The distinct spatial trajectories
and directionally asymmetric interactions contribute to
region-specific vulnerabilities [9]. Understanding how
these pathologies interact with network-level dynamics
of human memory function can provide insights into the
pathological mechanisms of AD.

Dynamic Causal Modelling (DCM) is a frequently used
approach to study network-level dynamics. It possesses
several advantages compared to other techniques, nota-
bly biological interpretability, such as non-linear interac-
tions and biophysical constraints [10, 11]. In the context
of fMRI, DCM incorporates both a neural and a haemo-
dynamic model and employs a generative approach to
estimate the effective connectivity of the neural model,
which can approximate synaptic connectivity at the
population level. Thus, it informs the bidirectional rela-
tionships between regions and the excitatory-inhibitory
balance within each [12, 13].

While DCM has advanced our understanding of effec-
tive connectivity related to memory processes [14, 15]
and their age-related alterations [16, 17], its applica-
tion to ageing and AD remains sparse. In ageing, there
is evidence for altered effective connectivity between
medial temporal and parietal lobes in older compared
with younger adults during visual memory encoding
[17]. Moreover, in AD, amyloid and tau pathology have
been shown to affect the hyperexcitability between the
default mode network and medial temporal lobe in a rep-
etition suppression paradigm [9]. However, there remain
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unaddressed critical gaps. First, the specific alterations
in the memory-encoding network, which is prominently
affected by AD pathology [18], have yet to be systemati-
cally investigated. Second, the inherently non-linear rela-
tionships among AD pathology, functional connectivity,
and cognitive decline must be considered [1, 19-21].

The present study aimed to evaluate altered effective
connectivity within the memory-encoding network as a
function of AD pathology and its role in memory impair-
ment. We assessed task-related effective connectivity
within the memory-encoding network. We focused on
the temporo-parietal network —comprising the hippo-
campus (HC), the parahippocampal place area (PPA),
and the precuneus (PCU) —because these structures
are among the earliest and most consistently affected by
AD pathology, particularly tau deposition in the medial
temporal lobe and amyloid accumulation in parietal cor-
tex [5, 18, 39]. Our approach involved two main analy-
ses (Fig. 1): First, we examined the effects of amyloid and
tau on effective connectivity, taking their interaction into
account; Second, we explored the link between altered
effective connectivity and episodic memory deficits in
Alzheimer’s disease. To this end, we analysed task fMRI
data from a large cohort of 205 older adults spanning the
AD spectrum, including cognitively normal individuals
(CN), those with subjective cognitive decline (SCD), mild
cognitive impairment (MCI), and early-stage dementia of
Alzheimer’s type (DAT), focusing on a visual memory-
encoding task previously established in individuals at risk
of AD [19, 21, 22]. Based on a previous DCM study using
the same paradigm in an independent ageing cohort17,
we focus on the HC, the PPA, and the PCU as regions
of interest. We hypothesised that effective connectivity in
the temporo-parietal network would be associated with
amyloid and tau burden, their potential interactions, and
that these connectivity disruptions would relate to indi-
vidual differences in memory impairment.

Materials and methods

In this study, we examined the relationship between
measures of Alzheimer’s pathology, functional network
dynamics, and cognitive performance. The following sec-
tions describe the rationale, procedures, and methods.

Study cohort

The study sample comprised participants from the DZNE
Longitudinal Cognitive Impairment and Dementia Study
(DELCODE), a memory-clinic-based multicenter cohort
conducted by the German Centre for Neurodegenera-
tive Diseases (DZNE) (for details, see Jessen et al. [23]).
Among 1,079 enrolled participants, 558 individuals com-
pleted the fMRI visual memory-encoding task. Follow-
ing outlier removal and quality-control procedures (see
“Participant exclusion”), the final sample comprised 492
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Fig. 1 Schematic overview of the study procedures. (Left) Alzheimer’s pathology includes amyloid-342/40 ratio (AB42/40) and phospho-tau181 (p-tau-
181) from cerebrospinal fluid (CSF). Parametric empirical Bayes (PEB) was used to investigate the relationship between pathology and fMRI memory-
encoding network dynamics. (Middle) Functional network dynamics during a memory-encoding task were modelled using Dynamic Causal Modelling
(DCM) of the fMRI time series with regions of interest: parahippocampal place area (PPA), hippocampus (HC), and precuneus (PCU). DCM group-model
selection and estimation were performed using SPM12. (Right) Cognition, as the clinical presentation, was studied using memory performance during
the task-based fMRI session and the clinical PACC5 composite score. The correlation between connectivity parameters and cognition was evaluated

participants, of whom 235 had available CSF biomarker
data, and 205 were part of ATN classification of inter-
est (see “Characterisation of Alzheimer’s pathology and
memory performance”). The study protocol was approved
by the local institutional review boards of all participat-
ing sites. All participants provided written informed con-
sent in accordance with the Declaration of Helsinki. The
DELCODE study was retrospectively registered with the
German Clinical Trials Register (DRKS00007966) on 4
May 2015. Details on data handling and quality control
have been described previously [23].

Experimental paradigm

Participants underwent fMRI scanning while performing
a visual novelty-encoding task, viewing 44 novel indoor
scenes, 44 novel outdoor scenes, and 44 repetitions of
pre-familiarised images. They classified each image as
indoor or outdoor scene via button press. Each stimulus
was displayed for 2500 ms, followed by fixation with an
optimised jitter ranging from 0.70 s to 2.65 s [24]. The
task lasted approximately 11 min, during which 206 func-
tional volumes were recorded. After a 90-minute delay,
a computer-based recognition-memory test was con-
ducted outside the scanner to assess recognition of the

novel images seen in the fMRI session. The test consisted
of 88 previously seen novel images and 44 new images,
using a 5-step response scale where 1 = “definitely
new” and 5 = “definitely old” The recognition responses
were converted into a parametric modulator with an
arcsine-transformation

PM = arcsin <H> . 2
2 U

as this approach has previously been shown to outper-
form categorical models for the same task [25]. The
responses were used as predictor during first-level analy-
sis (denoted as the subsequent memory score). Memory
performance for each participant was quantified by the
area under the curve (AUC) of hits (correctly recognised
novelty stimuli) against false alarms (incorrectly recog-
nised novelty stimuli), taking the subsequent-memory
score into account (hence termed A’; see Soch et al. [26]).
An A of 0.5 reflects chance performance, whereas 1
reflects perfect recognition.
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Characterisation of Alzheimer’s pathology and memory
performance
AD pathology was characterized according to the NIA-
AA research framework [27], encompassing amyloid
accumulation (A), pathological tau accumulation (T), and
neurodegeneration (N). We employed the CSF AB42/40
ratio and phosphorylated tau at position 181 (p-tau-181)
as core biomarkers. The AP42/40 ratio was selected over
AP42 alone because it corrects for inter-individual dif-
ferences in total amyloid production and CSF dynamics,
yielding superior concordance with amyloid PET30 and
improved diagnostic accuracy in differentiating AD from
other dementias [28]. CSF p-tau-181 was chosen as the
established tau marker within the DELCODE protocol
because of its well-documented sensitivity to early tau-
related changes and its widespread use in large-cohort
AD research [28, 29]. Binary classifications (A-/A+, T-/
T+, and N-/N+) were applied using cut-offs determined
from the DELCODE cohort via Gaussian-mixture mod-
elling: AP42/40 < 0.08 pg/ml for A+, p-tau-181 >
73.65 pg/ml for T+, and adjusted hippocampal volume
< 2,821.1 pl for N+ (see Diizel et al. [20] and Heinz-
inger et al. [28]). As AD spectrum is defined as sequential
transitions of A, T, and N, we only selected 205 individu-
als that were categorized as A-T-N-, A + T-N-, and A +
T+N- in order to evaluate the effects of amyloid and tau,
while discarding A-T-N+ in order to control for N effect.
Cognitive outcomes were assessed using memory per-
formance (A’) from the memory-encoding fMRI task (see
previous section). In addition, the Preclinical Alzheimer’s
Cognitive Composite 5 (PACC5) [29] was included as an
independent validation measure. PACC5 is a composite
score derived from the MMSE, the summed Free and
Cued Selective Reminding Test (FCSRT) free and total
recall, the Wechsler Memory Scale — Fourth Edition
(WMS-1V) Logical Memory Story B delayed recall, the
Symbol-Digit Modalities Test (SDMT), and the sum of
two category-fluency tasks, which together predict early
disease progression. This renders PACC5 particularly
sensitive to detecting preclinical changes within the AD
spectrum [30].

MRI acquisition and MRI data processing

MRI data were acquired using 3T Siemens scanners
across participating sites including TIM Trio, Verio,
Skyra, and Prisma systems. To mitigate potential scan-
ner-related batch effects in this multicentre design,
acquisition protocols were harmonised across sites.
Structural images included T1-weighted (1 mm? isotro-
pic resolution) and T2-weighted acquisitions optimised
for medial temporal lobe volumetry. Functional images
were obtained using a T2*-weighted echo-planar imaging
(EPI) sequence (TR = 2580 ms, TE = 30 ms, voxel size =
3.5 mm isotropic). Hippocampal volumes were extracted
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using the FreeSurfer longitudinal processing stream (ver-
sion 6.0) [31-33], which performs automated subcorti-
cal segmentation on the T1-weighted structural images.
Total hippocampal volume was computed as the sum of
left and right hippocampal grey matter volumes from the
FreeSurfer aseg output. Finally, adjusted hippocampal
volume was derived from the hippocampal volume cor-
rected for age, sex, education, total intracranial volume
(TICV), and WMH using a linear regression model.

Preprocessing of fMRI data was conducted using
SPM12 and involved multiple steps: correction for acqui-
sition delay (slice-timing), head motion (realignment),
and magnetic-field inhomogeneities (unwarping; using
individual phase and magnitude fieldmaps); followed
by normalisation to a population standard space with
geodesic shooting nonlinear registration [34, 35], nor-
malisation into a standard stereotactic reference space
(Montreal Neurological Institute (MNI), voxel size = 3.5
mm isotropic), and spatial smoothing (Gaussian kernel,
FWHM = 6 mm).

To construct a DCM of functional dynamics during
memory encoding, we specified first-level GLMs includ-
ing onsets of novel and non-novel scenes and a paramet-
ric modulator of recognition responses, as suggested in
a previous model-selection study [25]. In addition, six
motion regressors from realignment and a CSF-based
nuisance regressor were included, the latter having been
shown to improve sensitivity in functional BOLD studies
[36]. We deliberately did not regress out white matter or
global signals, as global signal regression might introduce
spurious anti-correlations and distort estimates of effec-
tive connectivity, which is particularly problematic for
DCM where both the sign and magnitude of coupling
parameters carry mechanistic interpretation [36].

Participant exclusion

Since the presence of outliers and artifacts in large multi-
centric brain-behavioural studies can result in biased
effects in group level models, we excluded severe outliers
based on the following criteria:

1) more than eight errors in indoor/outdoor
judgements during fMRI;

2) an absolute response bias greater than 1.5 in the
post-fMRI recognition test; and.

3) framewise displacement (FD) exceeding 0.5 mm for
any frame or 0.2 mm for at least 2% of frames.

This led to the exclusion of 65 participants (17 CN, 18
SCD, 18 MCI, 12 DAT), representing 11.6% of the origi-
nal sample.
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Dynamic Causal Modelling (DCM)

To investigate ATN pathology-related connectivity
changes in the temporo-parietal network in the context
of the visual memory-encoding paradigm, we imple-
mented Dynamic Causal Modelling (DCM) using SPM12,
following the framework described by [11]. DCM was
employed to estimate effective connectivity parameters
at the individual level using a Bayesian approach.

Region of interest specification and time-series extraction

In order to study AD effects on functional dynamics
during visual encoding memory-encoding paradigm we
focused on brain regions of interest (ROI) including the
PPA, the HC, and the PCU (Fig. 2). Despite more brain
being potentially involved in the neurocognitive pro-
cess [37], we deliberately limited the particular regions
included in the model in order to ensure the feasibil-
ity of model estimation, as increasing the number of
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regions leads to quadratic growth in model parameters
while sample size is fixed and limited [38]. To do so, we
explored the relevant regions identified through the
mutual findings between our memory contrast map from
203 CN individuals (Supplementary Table 1) and cross-
modality meta-analysis of fMRI studies involving sub-
sequent memory and forgetting [37]. These three ROIs
were chosen based on earlier studies demonstrating their
pronounced role in successful memory encoding [37]
and their sensitivity to changes in relation to aging [39]
and AD pathology [19, 22] Moreover, DCM using these
ROIs has previously been successfully applied to the
same visual memory-encoding paradigm in independent
cohorts of healthy older adults [17]. Note that, although
the brain activity during visual memory encoding is sym-
metrical in the broader picture [37], we chose to analyse
the ROIs in the right hemisphere because of the greater
activity observed in our study.

A) Successful memory encoding activity

Lateral

Left

Right

Postive contrast

B) Regions of interest

Medial

Medial temporal lobe

Parahippocampal Hippocampus Precuneus
place area (HC) (PCU)
(PPA)

Fig. 2 Memory contrast and regions of interest. A Successful memory-encoding contrast indicating fMRI BOLD signal activations (red/yellow) and deac-
tivations (blue/green) during the encoding of a visual scene that was later successfully remembered. The contrast was derived from parametric regressor
for subsequent memory score and was thresholded at p <0.05, corrected for family-wise error (FWE), and controlled for Alzheimer's disease pathology
and covariates. B DCM Regions of interest used for time-series data extraction obtained from overlapping significant successful memory-encoding con-
trast (p<0.05 FWE) from (A) and anatomically defined mask (see methods). Abbreviations: PPA (parahippocampal place area), HC (hippocampus), PCU

(precuneus)
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As suggested previously the boundaries of each ROI
were defined as the overlapping area between anatomi-
cal and functional constraints. Anatomical constraints
were based on masks from the Automated Anatomi-
cal Labelling (AAL) atlas [40]. Notably, we assume that
high-quality diffeomorphic registration brings partici-
pants into sufficiently close alignment such that residual
interpolation error is negligible relative to measurement
and model noise. Empirically, DCM parameters show
good test-retest reliability under modest spatial trans-
formations [41]. Moreover, prior studies commonly warp
into MNI space [38] and modern DCM pipelines (e.g. in
Frissle et al. [42]) explicitly perform normalization before
model inversion.

Functional constraints were defined using positive
memory contrasts for PPA and HC, and negative mem-
ory contrasts for PCU, corresponding to our memory
contrast findings and other studies [19, 26, 39, 43-45].
These constraints were derived from second-level group-
level memory contrasts of the entire CN subgroup in the
DELCODE cohort (n = 203 ; p < 0.05, FWE-corrected),
controlling for age, sex, and education. We omitted indi-
vidual-level voxel thresholding empirically due to sub-
group-dependent variability of available voxels in relation
to hippocampal volume and memory performance (p <
0.05 for both; see also [46]). Time-series data in these
ROIs were extracted and adjusted to regress out known
confounds and retain the effects of interest (EOI), namely
the regressors representing the novel images, their para-
metric modulation with the subsequent memory scores
[22, 26], and the pre-exposed images. Finally, the time-
series data were summarised in terms of their first prin-
cipal component across voxels, which formed the data
entering the DCM analysis.

Model specification and selection

The three ROIs were assumed to be fully bidirection-
ally inter-connected. Each ROI was assumed to exhibit
inhibitory self-connectivity reflecting local excitation-
inhibition balance between (glutamatergic) pyramidal
neurons and (GABAergic) interneuron [11, 47]. Presen-
tation of novel stimuli served as the driving input to the
PPA due to its selective response to novel scenes [48-50].
The model space further allowed each connection to be
modulated by arcsine-transformed recognition responses
(a proxy for successful encoding on a trial-by-trial basis)
[25]. Because the modulatory pattern was unknown, we
evaluated models using Bayesian model reduction (BMR)
followed by Bayesian model averaging (BMA), as imple-
mented in SPM12 [51]. We first specified a full model
with all connections modulated by memory encoding,
then compared it with reduced models generated by a
greedy-search algorithm. Parameter estimates were aver-
aged across models weighted by log-evidence differences.
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Modulatory units were retained if their posterior prob-
ability (Pp) = 0.95 (Supplementary Table 2) [52].

Model inversion

Model estimation was performed using SPM12 [11].
Single-subject DCMs were estimated using variational
Laplace [53, 54], providing posterior connectivity esti-
mates and free-energy approximations to the marginal
likelihood. Novelty (i.e., presentation of novel, but not
pre-familiarized images) served as driving input to
the PPA, and encoding success (arcsine-transformed
recognition responses) was included as a contextual
modulator as derived from Bayesian model averaging.
Neural responses to pre-familiarised images served as the
implicit baseline [17]. As the sign of the estimated DCM
parameters is not equated with cellular-level excitation or
inhibition, it is reported as positive or negative effective
connectivity.

Evaluating effects of AD pathology on effective
connectivity

We next investigated the potential effects of ABf42/40 and
p-tau-181 on connectivity using the parametric empiri-
cal Bayes (PEB) framework as implement in SPM12 [51].
To account for potentially non-linear relationships as
suggested in previous studies [1, 19-21], we introduced
the interaction term of amyloid status (A) and p-tau-181
level in the evaluation as such:

EC ~A+p—tau + Az (p—tau)
+ age + sex + education

The binary amyloid variable was introduced in the inter-
action term to facilitate interpretability (see a simi-
lar approach in Diizel et al. [20]). The interaction term
between p-tau-181 and amyloid status captures the main
effect of p-tau-181 within each amyloid stratum. Age, sex
and education were included as linear covariates. The
effects were evaluated using BMA with a greedy-search
algorithm. We present the results with posterior prob-
ability (Pp) > 0.95 [52].

Although site could be included to account for the
multicentre study design, such site-effects and potential
variations across MRI scanners, it was not included since
it was identified to be confounded with levels of pathol-
ogy (Kruskal-wallis age p=0.003; education p=0.003;
hippocampal volume p=0.003; memory performance
p=0.005). In addition to the primary results, we re-
estimated the PEB model with imaging site included as
a covariate. Hippocampal volume was not included as
a covariate because it represents a downstream conse-
quence of the same neurodegenerative processes under
investigation; controlling for it would partial out variance
attributable to neurodegeneration and thus obscure the
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very pathology—connectivity relationship the model aims
to capture. Diagnosis and its interaction with biomarkers
were not included in the model to avoid excessive com-
plexity and potential collinearity.

Identifying associations of connectivity and memory
performance

To determine if the pathological connectivity changes are
transferred into cognitive decline, we evaluated partial
correlation of individual DCM parameters in relation to
memory performance during the fMRI task itself, with
age, sex, and education as covariates. Given the antici-
pated non-linearity of these relationships [1, 19, 21],
Spearman’s rank correlation was employed. Next, cor-
relations were computed with the PACC5 score as an

Table 1 Characteristics of the samples in the study by analyses
Biomarker-Connectivity relationship (n=205)

CN SCD MCI DAT all
n 87 89 22 7 205
ATN category 70/14/3 66/15/8 13/4/5 1/2/4 150/35/20
(A-T-N-/A+T-N-
/A+T+N-)
age (yr) 67.66 69.99 70.59 69.05 69.03
(4.82) (5.40) (4.37) (5.45) (5.17)
Sex (% female)  54.02 4045 36.36 85.71 47.32
education (yr) 14.44 15.28 13.68 13.71 14.70
(2.69) (2.94) (2.34) (1.60) (2.78)
Memory 0.76 (0.08) 0.77 0.69 0.61 0.75 (0.09)
performance (0.09) (0.09) (0.07)
PACC5 0.13(0.54) -0.14 -1.13 -3.07 -0.20
(0.68) (0.80) (1.36) (0.88)
AB42/40 ratio 0.10(0.02) 0.10 0.09 0.05 0.09 (0.03)
(0.03) (0.03) (0.02)
p-tau (pg/ml) 4678 5287 5815 10624 5268
(14.49) (23.17)  (34.71) (66.02) (26.25)
Hippocampal 369809 370699 344705 3307.53 3661.68
volume (392.83) (423.12) (376.65) (226.27) (411.25)
Connectivity-Memory performance correlation (n=492)
CN SCD MClI DAT all
n 203 203 65 21 492
age (yr 68.17 70.06 72.63 7336 69.76
(5.14) (5.89) (4.76) (5.38) (5.66)
Sex (% female)  61.58 43.84 52.31 66.67 53.25
education (yr) 14.55 15.26 1343 13.71 14.66
(2.72) (2.90) (2.81) (2.80) (2.87)
Memory 0.76 (0.08) 0.76 0.69 0.60 0.75 (0.09)
performance (0.09) (0.10) (0.08)
PACC5 0.19(0.59) -0.05 -1.22 -2.97 -0.20
0.71) (0.79) (1.18) (0.97)

The table provides an overview of the characteristics of the subsamples used
in the study. The upper section details the subsample examined using the
parametric empirical Bayes (PEB) to evaluate the relationship between ATN
biomarkers and effective connectivity. The lower section summarises the
subsample analysed with Spearman'’s rank correlation to assess the relationship
between effective connectivity and memory performance. Summary statistics
are reported as means, with standard deviations in parentheses. Abbreviations:
CN cognitively normal, SCD subjective cognitive decline, MCI mild cognitive
impairment, and DAT dementia of Alzheimer’s type
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independent measure of memory performance (distribu-
tions across clinical diagnoses are shown in Supplemen-
tary Fig. 1). For correlation, we used the whole subgroup
with fMRI data in the DELCODE cohort (# = 492). The
correlation was corrected for multiple comparisons using
the false discovery rate (FDR) with p < 0.05 [55].

To verify whether these relationships also generalised
to cognitive measures independent of the fMRI task, we
performed out-of-sample estimations of memory per-
formance using intrinsic and modulatory connectivity
parameters derived from DCM, applying leave-one-out
cross-validation within the parametric empirical Bayes
(PEB) framework implemented in SPM12 [51].

Results

Participants and clinical characteristics

We analysed data from 492 older participants in the mul-
ticentre DELCODE cohort (see Methods for exclusion
criteria), including 203 CN, 203 SCD, 65 MCI, and 21
DAT participants. The sample was 53.25% female, with a
mean age of 69.76 + 5.66 years. A subset of 205 individu-
als, comprising 87 CN, 89 SCD, 22 MCI, and 7 DAT par-
ticipants (47.23% female; mean age=69.03+5.17 years),
were categorised as A-T-N- (1=150), A+T-N- (n=35),
or A+T+N- (#=20) and were used for biomarker-con-
nectivity analyses. 30 participants with CSF who had N+
status were excluded to isolate the A—T cascade. Demo-
graphic and clinical characteristics, including biomarker
distributions, are summarised in Table 1.

Dynamic causal model of memory encoding

To explore the influence of ATN pathology on memory-
related effective connectivity in ageing and Alzheimer’s
disease, we applied DCM to fMRI data acquired during
a visual memory-encoding task, focusing on a network
comprising the PPA, HC, and PCU (Fig. 2B; see also
Methods). Individual-level DCMs were estimated for
all participants, and Fig. 3A illustrates the mean group-
level connectivity profile obtained from the parametric
empirical Bayes (PEB) approach together with pathologi-
cal effect (Supplementary Table 3). The connectivity with
Pp>0.95 is reported.

For task-related intrinsic connectivity, connections
from PPA — PCU and from HC — PPA were negative,
whereas all other intrinsic connections were positive.
Under the model’s assumptions, this indicates that during
the task, PPA activity suppresses PCU activity, and HC
activity effectively inhibits the PPA. Conversely, activ-
ity in the source region facilitates activity in the target
region for all other connections.

DCM further allows the functional dynamics of mem-
ory encoding to be examined in terms of stimulus-driven
inputs and memory-related modulations of connectivity.
The driving input had a positive effect on PPA activity,
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A) Dynamic causal modelling of memory encoding

-0.19 0.21 0.24
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0.26
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B) Pathological effects on connectivity

p-tau-181 level

Interregional connectivity

Self-inhibitory connectivity

Modulated by subsequent
memory score

Input from novelty image

)

p-tau-181 level
in amyloid-positive individuals

Fig. 3 Dynamic causal model of memory encoding and the effect of Alzheimer’s pathology on the model. A Dynamic causal model of memory-en-
coding task fMRI obtained through model Bayesian model average of memory-related modulation in 203 cognitively normal older participants (ages
60-80 years), as seen in the round-headed arrows. Effective connectivity coefficients are also displayed on the arrows that represent model parameters.
B Effects of p-tau-181 level and p-tau-181 level in amyloid-positive individual are highlighted in blue. Abbreviations: PPA (parahippocampal place area),

HC (hippocampus), PCU (precuneus)

indicating that PPA responses increased with novelty.
Moreover, successful encoding was associated negatively
with both the negative effective self-coupling of the PPA
and the negative effective connectivity from HC — PPA.
Together, these findings suggest that successful encoding
depends on (1) stronger negative feedback from HC to
PPA, and (2) optimal gain control of PPA responsiveness
to stimuli (see [11] for interpretation).

Relationship between AD pathology and connectivity

To assess how AD pathology contributes to connectiv-
ity disruption, we examined the effects of amyloid status
and tau (p-tau-181) on effective connectivity using PEB
that accounts for potential interactions (full results are
shown in Supplementary Table 3). We observed a sig-
nificant association between p-tau-181 levels and the
distal intrinsic positive effective connectivity between
the temporal and the parietal lobes (Fig. 3B). Specifically,
higher p-tau-181 concentrations were linked to reduced

connectivity strength from PCU — PPA (coef. = -0.10,
Pp=1.00). Similarly, the attenuation in the connectivity
from HC — PCU was associated with higher p-tau-181
level. Notably, the latter effect was identified exclusively
in amyloid-positive (A+) individuals, as indicated by the
significant interaction between amyloid status and p-tau-
181 levels (coef. = -0.11, Pp=1.00), rather than p-tau-181
alone (coef. = 0.05, Pp =0.60).

We additionally re-estimated the PEB with imaging site
included as a covariate (Supplementary Table 4). The two
principal pathology effects were preserved (PCU — PPA
p-tau-181 effect: coef. = -0.12, Pp=1.00; HC —» PCU
amyloid status and p-tau-181 interaction: coef. = —0.11,
Pp=1.00), confirming that the findings are not driven
by inter-site or inter-scanner heterogeneity. The site-
adjusted model additionally yielded a supra-threshold
amyloid status and p-tau-181 interaction on PCU — PPA
(coef. = 0.12, Pp=1.00) that was sub-threshold in the pri-
mary model (0.09, Pp=0.80). As imaging site is collinear
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A) Correlation between cognitive decline and connectivity
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B) Out-of-sample prediction of memory performance using connectivity profiles
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Fig. 4 Association of the effective connectivity with memory performance. A Uniform reduction in connectivity is correlated to lower memory perfor-
mance (positive correlation in positive effective connectivity and negative correlation in negative effective connectivity). Significant relationships were
derived from partial Spearman’s rank correlations and defined by p<0.05 (FDR corrected). B The association of predicted memory performance using
connectivity profiles in out-of-sample cross-validation. Left: Using the entire intrinsic connectivity profile (DCM's A parameters), a significant positive
correlation (p=0.25, p=1.21x107) indicates an association between memory performance and intrinsic connectivity dynamics. Right: Using the modu-
latory connectivity profile (DCM's B parameters), modulatory connectivity significantly predicts memory performance (p=0.22, p=1 80%107%), further
indicating a meaningful association. The results were derived from Spearman'’s rank correlations. Abbreviations: PPA (parahippocampal place area), HC

(hippocampus), PCU (precuneus)

with pathology, the basis for excluding it from the pre-
specified primary model, coefficients that differ between
specifications cannot be unambiguously attributed and
are therefore not further interpreted. Only the two effects
stable across both specifications are interpreted.

Association of connectivity and memory impairment

We next examined associations between effective con-
nectivity parameters and individual memory perfor-
mance, quantified by the area under the curve (AUC, A’)
of the delayed recognition task (performed 90 min after
the fMRI session; see Methods). Partial Spearman’s rank
correlations identified seven connectivity parameters
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that showed reduced connection strength with poorer
memory performance (Fig. 4A and Supplementary Table
5).

We found that the disrupted connectivity attributed to
AD pathology was partially related to cognitive decline.
Specifically, the positive effective connection from PCU
— PPA was found to be positively correlated with mem-
ory performance (p=0.14, p=5.02x107%) implying that
its attenuation is associated with reduced memory per-
formance. On the other hand, the connectivity from HC
— PCU was not significantly correlated with memory
performance (p=0.10, p=0.06). However, the correla-
tion was statistically significant when using uncorrected
p-value (p=0.03).

Between the PPA and the PCU, higher memory perfor-
mance was associated with stronger bidirectional cou-
pling: the negative effective connection from PPA — PCU
was found to be more negative (p = -0.21, p = 1.56 x 107°)
while the positive effective connection from PCU — PPA
was more positive (p = 0.14, p = 5.02 x 10~°). Between the
PPA and the HC, the positive effective PPA — HC con-
nection correlated positively with memory performance
(p = 0.18, p = 4.09 x 107*), whereas the negative effective
HC — PPA connection correlated negatively (p = — 0.16,
p = 1.22 x 107®). In addition, the memory-related modu-
lation of the HC — PPA pathway was negatively associ-
ated with performance (p = - 0.22, 7.35 x 107°). Within
the PPA itself, memory performance was positively asso-
ciated with the novelty-driven input (p = 0.25, p = 3.00 x
1077) but negatively with the memory-related modulation
of negative effective self-coupling (p = - 0.22, p = 7.35 x
107°). These effect sizes (p ~ 0.14—0.25) are in the small-
to-medium range by conventional standards; however,
they are consistent with what is typically observed in
large neuroimaging cohorts where individual variability
is high and the relationships between brain measures and
behaviour are inherently noisy [19, 22].

Importantly, the effects survived FDR correction and
were independently replicated using the PACC5 compos-
ite score in PPA input (p=0.16, p=1.26x10"*), PPA —
HC (p=0.19, p=2.61x1074), and PPA — PCU (p = -0.16,
p=126x10"®), supporting the importance of forward
connectivity in cross-task cognitive performance.

Finally, out-of-sample cross-validation confirmed the
predictive validity of these connectivity profiles (Fig. 4B).
Predicted values for both memory performance corre-
lated significantly with observed scores based on intrinsic
(p=0.25, p=1.21x10-7) and modulatory connectivity
(p=0.22, p=1.80x10-6). Together, these results dem-
onstrate that effective connectivity patterns—par-
ticularly those centred on the PPA—robustly capture
inter-individual differences in memory and general cog-
nitive performance.
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Discussion

This study employed a generative DCM approach to
investigate the network dynamics underlying impaired
memory encoding across the AD spectrum, aiming to
elucidate the connectivity disruptions that are associ-
ated with the complex amyloid and tau pathology. Our
findings revealed an association between connectivity
strength in the distal connectivity between the temporal
and parietal lobes and AD molecular pathology. Specifi-
cally, a tau-driven decrease in connectivity from PCU —
PPA, together with a decrease in connectivity from HC
— PCU—the latter amplified by amyloid—was identified
as a key network disruption. Furthermore, we identified
connectivity associated with memory impairment, which
was restricted to PCU — PPA. This is consistent with a
pathway in which molecular pathology relates to memory
impairment, although the cross-sectional design cannot
establish mediation.

Regionally specific influence of amyloid and tau pathology
Amyloid and tau are well-established biomarkers of AD
and have both been shown to contribute to synaptic dys-
function and neurodegeneration [2, 56, 57]. Importantly,
they likely show a non-linear interaction in their contri-
bution to AD progression: While amyloid accumulation
is associated with few symptoms on its own, it plays a
critical role in promoting pathological tau accumulation
and influences the spatial distribution of tau by facilitat-
ing its migration from the medial temporal lobe (MTL) to
the neocortex [8, 58—61]. On the other hand, tau appears
to be more directly involved in the disruption of brain
activity and cognition [20, 62—-64].

Previous PET studies have demonstrated distinct
anatomical patterns of amyloid and tau deposition
[65—-69]. Specifically, AP deposition in AD typically
begins in the posterior cingulate cortex and connected
parietal cortices [66, 70], while tau pathology origi-
nates in the MTL, including the entorhinal and para-
hippocampal cortex [71]. This dissociation is, to some
extent, mirrored by the observed differential influence
of tau and amyloid pathology on the temporo-parietal
network. Specifically, decreased connectivity from HC
— PCU was linked to elevated p-tau-181 levels and
was amplified by the presence of amyloid accumula-
tion (A+ status), assimilating the aforementioned tau
spreading. Although medial temporal tau burden is
the most reliable predictor of episodic memory perfor-
mance independent of amyloid statu [62], both Diizel
et al. [20] and our study demonstrate that amyloid
modulates these functional associations. On the other
hand, attenuation of the backward connectivity from
PCU — PPA was linked to elevated p-tau-181 lev-
els without the influence of amyloid status. The find-
ing encompasses the local effect of tau accumulation
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which causes aberrant activity in memory encoding,
corresponding to previous findings on memory-related
activation [65, 72].

It should be noted, however, that the cross-sectional
design of the present study does not permit causal infer-
ence regarding the temporal ordering of these effects. It
remains possible that pre-existing connectivity deficits
facilitate further tau accumulation and spread, rather
than tau driving connectivity loss unidirectionally. Lon-
gitudinal data e.g. using time-lagged modelling might be
helpful to disambiguate these competing accounts. In
addition, due to the focus on the effects of amyloid and
tau and the restriction to neurodegenerative change,
the study was inherently weighted towards healthy and
preclinical AD. While this is appropriate for a study of
network disruption across the AD spectrum, the results
should not be extrapolated to moderate or severe demen-
tia stages without further validation.

Disrupted input-gated connectivity is linked to memory
performance

Considering the roles of the connectivity, these con-
nections between PPA and the other two regions serve
as gated-feedback loops comprising forward signal-
enhancing activity and backward signal-suppressing
activity. We found that (Fig. 4), individuals with poorer
memory showed weaker top-down suppression of
PCU by PPA and a reciprocal facilitation of PPA by
PCU (interpreted as such because of the deactiva-
tion pattern of PCU). Similarly, individuals with lower
memory performance exhibited reduced PPA-driven
facilitation of hippocampal activity and diminished
HC-mediated negative effective self-coupling of PPA.
The findings entail an attenuation of the feedback-
loop structure, which can serve as an explanation for
network disconnection in AD [65-74], where we have
identified an effect of p-tau-181 on the connectivity
PCU — PPA. Noticeably, the correlation to cognitive
decline was replicated using the PACC5 composite
score in the forward connectivity PPA — HC and PPA
— PCU. The common pattern suggests the importance
of forward connectivity in cross-task cognitive perfor-
mance, while it also emphasises the specific function
of the feedback loop in memory-encoding.

Limitations

This study has several limitations. First, the pro-
portion of participants in later disease stages of the
AD spectrum was relatively low (n = 21 DAT in the
full sample; » = 7 from ATN classification of inter-
est), which may have limited the ability to detect bio-
marker effects in the manifest clinical stages of the
disease. The resulting sample imbalance—with CN
and SCD comprising ~ 83% of the cohort—means that
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the observed connectivity-memory correlations are
predominantly driven by preclinical and early symp-
tomatic stages, as seen in the marginally significant
correlation between HC — PCU, which is expected in
A+ stages. This limitation was further compounded
by the challenges faced by participants with dementia
in complying with task-based fMRI protocols, result-
ing in their exclusion from the study. Second, we were
unable to extract time-series data using a threshold
for significant voxel activity at the single-subject level.
This limitation arose because the absence of signifi-
cant voxels was associated with reduced hippocampal
volume and poorer memory performance. As recently
shown, individuals in the later stages of the AD spec-
trum exhibit diminished fMRI subsequent memory
effects [47], which would have resulted in a system-
atic exclusion of individuals at later stages. Aware of
the trade-off between data quality and inclusivity, we
prioritised a comprehensive representation of the full
AD spectrum, ensuring that the characteristics of the
later stages were captured. Third, the CSF biomark-
ers used in this study lacked spatial specificity, which
is informative for understanding complex interactions
involving regionally specific aggregation and protein
migration. Moreover, we did not examine alternative
tau species such as p-tau-217 or p-tau-231, which have
recently demonstrated superior diagnostic sensitivity
in some contexts, nor blood-based biomarkers (e.g.,
plasma p-tau-217, GFAP) that would enhance trans-
lational relevance. Incorporating these markers in
future analyses, as they become available within the
DELCODE cohort, will be an important extension of
this work. Fourth, our DCM comprised three ROIs,
deliberately excluding regions such as the entorhinal
cortex or prefrontal cortex. While this parsimonious
approach ensured stable model estimation and was
grounded in prior work [17], it necessarily limits the
completeness of the network characterisation. We note
that exploratory analyses with larger model spaces
did not yield meaningful additional effects, possibly
due to the combinatorial growth of model parameters
relative to the data [38]. Future work using regression
DCM45 or hierarchical models may permit the inclu-
sion of additional nodes. Finally, there are several
concerns regarding DCM, including a limited exter-
nal validation, potential model simplification, and
strong assumptions [75, 76]. To address these issues,
we implemented several procedures, such as adopt-
ing theory-driven models and enhancing transpar-
ency through cross-validation methods. Importantly,
the cross-sectional nature of this study precludes
causal conclusions about whether AD pathology drives
connectivity disruption or vice versa; longitudinal
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follow-ups and interventions might be helpful to estab-
lish evidence about hypothesises of directionality.

Conclusions

In conclusion, this study provides novel insights into the
disrupted connectivity with which Alzheimer’s pathology
is associated, and which relates to memory performance,
emphasising the importance of the temporo-parietal net-
work during memory encoding in AD. Specifically, the
findings highlight that decreased connectivity from HC
— PCU is associated with elevated p-tau-181 levels and
amplified by amyloid accumulation. While backward
connectivity from PCU — PPA was only associated with
p-tau-181, independent of amyloid status, emphasising
the asymmetric pathology between temporal and parietal
regions. By identifying specific connectivity pathways
linked to Alzheimer’s biomarkers, this work opens new
avenues for targeted interventions aimed at mitigating
memory deficits through the preservation or restoration
of synaptic function.
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