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A B S T R A C T

Posterior Cortical Atrophy (PCA) is a neurodegenerative syndrome most commonly associated with Alzheimer’s 
disease, characterized by progressive visuospatial and visuoperceptual decline. Although voxel-based 
morphometry studies have described gray matter loss in PCA, a comprehensive and updated coordinate-based 
meta-analysis is still missing, and associated structural connectivity alterations remain unclear. We conducted 
a systematic review and meta-analysis of whole-brain voxel-based morphometry studies comparing patients with 
PCA and healthy controls (PROSPERO ID: CRD420251010673). Analyses were performed using Seed-based 
d Mapping with Permutation of Subject Images (SDM-PSI) with family-wise error correction, and meta- 
regressions assessed the impact of demographic and clinical variables. To investigate structural connectivity, 
deterministic tractography was carried out on a normative diffusion MRI template, using meta-analytic gray 
matter clusters as seeds. Eighteen studies were included (339 PCA; 577 healthy controls). The meta-analysis 
revealed consistent bilateral gray matter atrophy in the lateral occipital cortex, inferior parietal lobule, pre
cuneus, and ventral occipitotemporal regions. Meta-regression highlighted an interaction between age and dis
ease duration, associated with atrophy in the left superior temporal gyrus and right thalamus. Tractography 
demonstrated that affected clusters were embedded within major long-range pathways, including the superior 
and inferior longitudinal fasciculi, vertical occipital fasciculi, and parietal aslant tract. Regression-derived 
clusters additionally mapped onto the arcuate fasciculus, frontal aslant tract, and superior thalamic radiations. 
This is the first systematic review and voxel-based meta-analysis of PCA conducted after the establishment of 
consensus diagnostic criteria, providing a statistically robust characterization of gray and white matter alter
ations and identifying potential imaging biomarkers for diagnosis and treatment.

1. Introduction

Posterior Cortical Atrophy (PCA) is a complex clinical-radiological 
syndrome characterized by progressive neurodegeneration predomi
nantly affecting the parietal, occipital, and occipitotemporal cortices 
(Benson et al., 1988; Crutch et al., 2012). Clinically, PCA is marked by a 
progressive decline in higher-order visual processing, with relative 
preservation of memory and language in the early stages. It is most 
commonly associated with Alzheimer’s disease (AD) pathology and is 

widely recognized as the “posterior” or “visuospatial” variant of the 
disease (Chapleau et al., 2024; Dubois et al., 2014; McKhann et al., 
2011). Although PCA accounts for only ~5 % of cases seen in memory 
clinics (Koedam et al., 2010; Snowden et al., 2007), its impact is sig
nificant due to its typically presenile onset and consequent implications 
for quality of life and functional independence (Ahmed et al., 2020; 
Schott and Crutch, 2019; Tang-Wai et al., 2004).

While PCA can often be detected on visual inspection of structural 
MRI, advanced neuroimaging techniques have been developed to 
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quantify and localize gray matter (GM) loss more precisely. Among 
these, voxel-based morphometry (VBM) is one of the most widely used 
methods for investigating whole-brain atrophy in neurodegenerative 
conditions (Crane et al., 2024; Velioglu et al., 2023), offering auto
mated, operator-independent, and hypothesis-free group comparisons.

To date, only one coordinate-based meta-analysis (CBMA) has sys
tematically investigated GM atrophy in PCA using VBM data (Alves 
et al., 2013). In that study, Alves et al. (2013) applied Effect Size Signed 
Differential Mapping (ES-SDM) to synthesize VBM findings, identifying 
significant GM volume reductions in PCA patients compared to healthy 
controls (HCs), predominantly in the left temporal and occipital cortices 
(including the inferior and middle temporal gyri, fusiform, para
hippocampal, and middle occipital gyrus), as well as in right 
temporo-parietal regions (middle and superior temporal gyri, and infe
rior parietal lobule). However, the study had key methodological limi
tations: it included only four studies (one of which was a single case 
report), totaling 104 PCA patients and 76 HCs; used outdated 
meta-analytic software that lacked family-wise error (FWE) correction; 
and was conducted prior to the publication of internationally recognized 
diagnostic criteria for PCA (Crutch et al., 2017). Furthermore, since 
2013 numerous VBM studies have emerged, providing a richer and more 
robust evidence base to reassess the neuroanatomical profile of PCA. 
These developments underscore the need for an updated and method
ologically robust meta-analysis.

Beyond cortical atrophy, growing evidence from whole-brain diffu
sion tensor imaging (DTI) studies suggests that PCA is also associated 
with widespread white matter (WM) degeneration (Cerami et al., 2015; 
Madhavan et al., 2016; Migliaccio et al., 2012a; Millington et al., 2017; 
Phillips et al., 2024). Reported abnormalities are heterogeneous, 
affecting the inferior longitudinal fasciculus (ILF), superior longitudinal 
fasciculus (SLF), inferior fronto-occipital fasciculus (IFOF), cingulum, 
uncinate fasciculus, posterior thalamic radiations, corpus callosum 
segments, and both parietal and frontal aslant tracts (PAT, FAT). These 
alterations have been described as following a bilateral 
posterior-to-anterior gradient (Migliaccio et al., 2012a; Phillips et al., 
2024), though some studies suggest greater right-hemisphere involve
ment (Cerami et al., 2015; Madhavan et al., 2016). Nonetheless, this 
literature remains limited, as most studies rely on region-specific ap
proaches and small PCA samples (typically fewer than 20 patients).

To address these gaps, the present study aimed to (i) provide an 
updated and statistically rigorous meta-analysis of VBM findings in PCA 
using Seed-based d Mapping with Permutation of Subject Images (SDM- 
PSI), a next-generation CBMA technique that incorporates multiple 
imputation of study images and threshold-free cluster enhancement 
(TFCE) for improved sensitivity and control of false positives 
(Albajes-Eizagirre et al., 2019c; Liberati et al., 2009; Müller et al., 2017); 
and (ii) explore the structural connectivity of the resulting meta-analytic 
GM atrophy maps using deterministic tractography based on a 
population-averaged diffusion MRI template. This integrative approach 
offers a comprehensive framework for characterizing both GM and WM 
alterations in PCA and lays the foundation for future studies aimed at 
improving early diagnosis, understanding disease progression, and 
identifying network-level therapeutic targets.

2. Methods

2.1. Study design and registration

The present meta-analysis was conducted in accordance with the 
Preferred Reporting Items for Systematic Reviews and Meta-analyses 
(PRISMA) statement (Liberati et al., 2009) (the corresponding check
list is provided in the Supplementary Material S1), following the 
guidelines and recommendations for CBMA (Müller et al., 2017), and 
has been pre-registered in PROSPERO (registration number: 
CRD420251010673, https://www.crd.york.ac.uk/prospero/). Based on 
the meta-analytic results, a structural connectivity study was 

subsequently performed through a normative-connectivity approach. 
The pipeline of the study is provided in Fig. 1.

2.2. Study selection and eligibility criteria

A comprehensive and systematic literature search was conducted 
from inception to April 2025 across five electronic databases: PubMed, 
Scopus, Web of Science, Embase, and MEDLINE. To ensure thorough 
identification of relevant studies, we also screened the supplementary 
materials of eligible articles and reference lists of relevant reviews for 
additional studies. The search strategy combined free-text keywords and 
MeSH terms using Boolean operators (AND, OR) to maximize sensitivity 
and specificity. The strategy was initially piloted to refine descriptors 
and subsequently harmonized across databases using the Polyglot 
Search Translator (Clark et al., 2020). The final search string was: 
("Posterior Cortical Atrophy") OR ("visual variant" AND Alzheimer) AND 
("Magnetic Resonance Imaging" OR MRI OR "Neuroimaging" OR "Brain 
Mapping" OR voxel* OR VBM). Database-specific search strategies are 
provided in the Supplementary Material (S2 - Search terms by database).

The results from each database were imported into Covidence 
(https://www.covidence.org/), a platform designed to facilitate the 
management and execution of the multiple stages of a systematic review 
by automatically removing duplicates and assisting with data screening 
and extraction.

Eligible studies had to meet the following inclusion criteria: (1) VBM 
studies that performed whole-brain GM analysis and reported brain 
coordinates in MNI or Talairach space; (2) studies including patients 
with PCA-pure, diagnosed based on or following consensus criteria 
(Crutch et al., 2017), and HCs for comparison.

Studies were excluded if they met any of the following exclusion 
criteria: (1) non-peer-reviewed publications (e.g., preprints and con
ference abstracts) or review articles; (2) studies including patients with 
PCA-plus (Crutch et al., 2017), characterized by additional features of 
other neurodegenerative syndromes such as Dementia with Lewy Bodies 
(DLB), Corticobasal Syndrome (CBS), or Primary Progressive Aphasia 
(PPA); (3) single-case studies.

Two independent reviewers screened titles, abstracts, and full texts 
according to predefined inclusion and exclusion criteria. Clinical clas
sification (e.g., PCA pure and PCA plus) was independently verified by 
two neurologists, and any discrepancies, whether arising during the 
screening phase or diagnostic classification, were resolved by consensus 
or, if necessary, by a third reviewer.

At the end of the selection process, 18 studies comprising 19 inde
pendent samples were included in the meta-analysis (Fig. 2).

2.3. Data extraction and quality assessment

A standardized electronic data extraction form was developed in 
Covidence to systematically collect relevant study information, 
including study design, sample size, demographic and clinical charac
teristics of participants, diagnostic criteria for PCA, and imaging 
parameters.

The primary outcomes of interest were GM volume reductions in PCA 
compared with HCs, reported as three-dimensional peak coordinates in 
either MNI or Talairach space, together with the corresponding statis
tical values and thresholds.

Brain coordinates extracted from studies were cross-checked using 
the Automated Anatomical Labeling (AAL) atlas in SPM (https://www. 
fil.ion.ucl.ac.uk/spm/). In cases of unclear data, study investigators 
were contacted via email for clarification.

For quality assessment, two independent reviewers evaluated the 
methodological quality and risk of bias of each included study using the 
Newcastle-Ottawa Scale (NOS) (Wells et al., 2014), a widely used tool 
for evaluating the quality of observational studies. The 9-point NOS 
checklist applied in this study is provided in the Supplementary Material 
S3.
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2.4. CBMA and meta-regression

CBMA was performed using SDM-PSI software package (version 6.23 
for Mac, https://www.sdmproject.com/) following a structured 
approach (Radua and Mataix-Cols, 2009). First, peak coordinates and 
their corresponding t-values of significant GM differences between PCA 
patients and HCs were extracted. Then, maps of the lower and upper 
bounds of possible effect sizes were computed within a GM mask, using 
full anisotropy = 1, an isotropic full-width half maximum (FWHM) of 
20 mm, and a voxel size of 2 mm. The mean analysis was conducted by 
estimating the most likely effect size and its standard error based on the 
MetaNSUE algorithms (Albajes-Eizagirre et al., 2019b). Multiple impu
tations of the effect size maps for individual studies were then per
formed, followed by a meta-analysis using a standard random-effects 
model and Rubin’s rules to pool the results of the multiple imputations. 
To correct for multiple comparisons, FWE correction was applied, and 
statistical thresholding was refined using TFCE with a significance 
threshold of p < 0.05 and a voxel extent ≥ 50, which was selected to 
balance sensitivity and specificity (Radua et al., 2012; Smith and 
Nichols, 2009; Yang et al., 2023). Further methodological details can be 
found in previous publications (Albajes-Eizagirre et al., 2019a, 2019c), 

and in the SDM-PSI reference manual (https://www.sdmproject.com 
/manual/).

Finally, meta-regression analyses were conducted to examine the 
potential influence of demographic and clinical variables including age, 
gender, education, disease duration (time from symptom onset to MRI 
acquisition) and MMSE score on GM. These analyses were performed 
using linear regression, with predictors weighted by the square root of 
the sample size, as implemented in the SDM method (Radua et al., 
2014). A stringent threshold of p < 0.05 and cluster extent ≥ 50 voxels 
was applied to ensure robust results (Higgins et al., 2003; Radua and 
Mataix-Cols, 2009; Smith and Nichols, 2009).

2.5. Robustness, heterogeneity and publication bias

To assess the robustness of the findings, a whole-brain voxel-based 
jackknife sensitivity analysis was conducted using a leave-one-out 
approach (Albajes-Eizagirre et al., 2019c; Radua and Mataix-Cols, 
2009). This procedure systematically re-ran the meta-analysis, omit
ting one study at a time, to verify whether the main results remained 
stable across all possible study combinations.

To explore the potential influence of methodological variability, 

Fig. 1. Overview of the methodological pipeline. The figure illustrates the three main stages of the study: (1) Systematic review (PRISMA-guided): The protocol was 
pre-registered on PROSPERO, and the literature search was conducted across PubMed, Scopus, Web of Science, Embase, and MEDLINE. Records were screened 
according to PRISMA guidelines, and data extraction included demographic and clinical variables, stereotactic coordinates, and effect sizes. Study quality was 
assessed using the Newcastle–Ottawa Scale. (2) Coordinate-based meta-analysis (CBMA) using Seed-based d Mapping with Permutation of Subject Images (SDM-PSI): 
Reported coordinates were standardized within a voxel-based morphometry (VBM) gray-matter correlation template and used to build anisotropic correlation maps. 
Mean and regression analyses were performed using voxel-wise random-effects modeling with multiple imputations (n = 50), applying Threshold-Free Cluster 
Enhancement (TFCE)-based Family-Wise Error (FWE) correction (p < 0.05) and assessing jackknife sensitivity, subgroup effects, and publication bias. (3) Structural 
connectivity (DSI Studio tractography): Deterministic tractography was applied to the population-averaged HCP-1065 diffusion MRI template reconstructed through 
Q-space Diffeomorphic Reconstruction (QSDR). Meta-analytic gray matter clusters served as seed regions for whole-brain fiber tracking, with tracts classified via the 
HCP-842 atlas and robustness confirmed through Pareto-based thresholding and replication on the HCP-YA-Retest dataset.
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subgroup meta-analysis were performed based on key imaging param
eters. Specifically, subgroups were defined according to the use of a 
3.0 T MRI scanner, SPM version 12, a smoothing kernel ≥ 8 mm, and the 
application of corrected statistical thresholds. Each subgroup analysis 
was conducted using a TFCE-based FWE-corrected threshold (p < 0.05, 
voxel extent ≥ 50). A replication index was quantified by calculating the 
proportion of significant voxels from the main meta-analysis that were 
also present in each subgroup analysis, using the formula: 

R =
|A ∩ B|
|A|

where A is the set of significant voxels in the main analysis, and B is the 
corresponding set in the subgroup analysis.

Heterogeneity was examined using the I² statistic at each peak co
ordinate identified in the CBMA to assess between-study variability at 

key regions, with I² < 50 % interpreted as low heterogeneity (Egger 
et al., 1997). Publication bias was evaluated through visual inspection of 
funnel plots and by performing Egger’s test (Eickhoff et al., 2011). Ev
idence of funnel plot asymmetry or a p-value < 0.05 in the Egger’s test 
was considered indicative of potential publication bias.

The overall certainty of the cumulative evidence was qualitatively 
evaluated based on jackknife stability, replication across subgroup an
alyses, and between-study heterogeneity (I²).

2.6. Structural connectivity analysis

To examine potential microstructural connectivity alterations in 
PCA, we employed a normative-connectivity (indirect mapping) 
approach (Dogan et al., 2015; Jiang et al., 2023; Li et al., 2021; Liang 
et al., 2023; Phillips et al., 2019; Ravano et al., 2021; Salvalaggio et al., 
2020; Smits et al., 2023). Accordingly, statistically significant 

Fig. 2. Flow diagram of study selection for VBM articles in PCA (via Covidence). Acronyms: VBM = Voxel-Based Morphometry; GM = Gray Matter.
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meta-analytic atrophy clusters were treated as a single, spatially 
distributed region of interest and projected onto a population-averaged 
structural connectome derived from 1065 healthy adults (575 females; 
aged 22–37 years) from the HCP-1065 dataset (Yeh, 2022) (https://db. 
humanconnectome.org), allowing standardized inference on the WM 
pathways most likely associated with the observed atrophy pattern 
without relying on patient-level diffusion data (Phillips et al., 2019).

Tractography was performed in DSI Studio (https://dsi-studio.labs 
olver.org) in two separate analyses. First, a composite seed mask 
comprising all significant clusters from the main CBMA map was used to 
estimate the principal disconnection pattern associated with convergent 
GM atrophy. Second, an independent composite seed mask including all 
significant clusters from meta-regression map was used to explore 
moderator-related disconnection patters.

Diffusion data for the HCP-1065 template were acquired with a 
multishell scheme (b = 1000–3000 s/mm²; 90 directions; 1.25 mm 
isotropic) and reconstructed in MNI space using q-space diffeomorphic 
reconstruction to obtain the spin distribution function (Yeh et al., 2010; 
Yeh and Tseng, 2011).

Tracking parameters were randomly sampled from predefined 
ranges to enhance robustness and reproducibility (Otsu, 1979; Yeh, 
2020): the anisotropy threshold ranged from 0.5 to 0.7 times the Otsu 
threshold, the angular threshold from 15◦ to 90◦, and step size from 0.5 
to 1.5 voxel lengths. A maximum of one million seeds was used for the 
fiber tracking. To improve anatomical accuracy, each streamline was 
matched with the closest trajectory in the HCP842 atlas (http://brain. 
labsolver.org) using the shortest Hausdorff distance (Yeh et al., 2018), 
and further refined through 20 iterations of topology-informed pruning 
(Yeh et al., 2019). A Pareto-based criterion was then applied to retain 
tracts cumulatively accounting for 80 % of total streamline contribu
tions, capturing the dominant structural pathways while reducing 
redundancy and noise (Miettinen, 2003; Siless et al., 2017; Yeh et al., 
2018).

Robustness analyses were conducted at two complementary levels. 
First, tractography analyses were replicated on an independent 
population-averaged diffusion template (HCP-YA Retest; N = 88; ages 
22–35) (Glasser et al., 2013; Van Essen et al., 2013) (https://github. 
com/data-hcp/lifespan/releases), processed using the same pipeline as 
the HCP-1065 template. Agreement across templates was quantified 
using a replication index (defined as the proportion of reproduced WM 
pathways) and Spearman rank correlations of tract-wise contributions. 
Second, robustness with respect to the tractography seeding strategy 
was assessed via cluster-wise sensitivity analyses, in which tractography 
was repeated using each significant cluster as an independent seed, 
separately for the main CBMA and the meta-regression analyses. Simi
larity between composite- and cluster-derived pathway sets was quan
tified using the Jaccard index (Grady et al., 2021).

3. Results

3.1. Included studies and sample characteristics

Eighteen studies with 19 samples were included, comprising 916 
participants (339 PCA and 577 HCs) (Agosta et al., 2018; Ahmed et al., 
2018; Cope et al., 2022; Cui et al., 2022; Fredericks et al., 2019; 
Fumagalli et al., 2020; Glick-Shames et al., 2019; Lehmann et al., 2011; 
Migliaccio et al., 2016, 2012b, 2009; Miller et al., 2018; Montembeault 
et al., 2018; Neitzel et al., 2016; Ramanan et al., 2018; Ranasinghe et al., 
2014; Ryan et al., 2014; Whitwell et al., 2007).

Across studies, the mean age of PCA participants ranged from 57.6 to 
68.8 years, with women representing 57 % of the group (n = 195), 
whereas healthy controls had mean ages ranging from 54.9 to 69.5 years 
and included 54 % women (n = 315). No significant differences were 
found between the PCA and HC groups in terms of age (standardized 
mean difference [SMD] = − 0.08, 95 % confidence interval [CI] =
[− 0.30, 0.14], z = − 0.70, p = 0.48), education (reported in 10 studies; 

SMD = 0.02, 95 % CI = [− 0.90, 0.93], z = 0.04, p = 0.97), or gender 
ratio (SMD = 0.07, 95 % CI = [− 0.03, 0.16], z = 1.37, p = 0.17).

The mean NOS quality score across the VBM studies was 7.61 out of 9 
(range 6–9; see individual NOS ratings in Supplementary Material S4) 
indicating that the included studies were of high quality. Demographic, 
clinical, and quality characteristics of each eligible study are summa
rized in Table 1, while Supplementary Material S5 provides detailed 
technical parameters and the number of significant peaks reported in 
each study.

3.2. CBMA and meta-regression

The CBMA revealed three clusters of significant GM reduction in PCA 
patients compared to HCs (Fig. 3 and Table 2). The largest cluster (5593 
voxels, SDM-Z = 4.71, p < 0.001) was centered in the right middle oc
cipital gyrus and extended to the right inferior parietal lobule, angular 
gyrus, and ventral occipito-temporal regions. A second cluster (3612 
voxels, SDM-Z = 4.74, p < 0.001) was located in the left superior oc
cipital gyrus, involving the bilateral precuneus and left occipital regions. 
The third cluster (937 voxels, SDM-Z = 4.64, p < 0.001) was centered in 
the right inferior temporal gyrus, extending into the middle temporal 
cortex.

Meta-regression analyses revealed no significant associations with 
gender, education level, or MMSE scores. Given the strong and signifi
cant negative correlation between mean age and disease duration across 
samples (r = − 0.78, p < .001; i.e., samples with younger participants 
had longer disease duration), separate meta-regressions for these two 
variables were considered potentially confounded and difficult to 
interpret. Therefore, a multiple meta-regression was performed 
including both centered variables (age and disease duration) and their 
interaction term. Only the interaction term (contrast: 0 0 1) yielded 
significant results (Fig. 4), revealing a cluster in the left superior tem
poral gyrus (BA 48) (1090 voxels; SDM-Z = 3.19; p < 0.001) and 
another cluster in the right thalamus (91 voxels; SDM-Z = 3.015; 
p < 0.01).

3.3. Robustness, heterogeneity and publication bias

The leave-one-out jackknife sensitivity analysis confirmed the 
robustness of the meta-analysis findings, with all three peaks preserved 
across all study combinations (Table 2). Subgroup analyses further 
supported the stability of the results: when the meta-analysis was 
restricted to studies using a 3.0 T scanner, 95.6 % of the significant 
voxels from the main map were replicated; 93.7 % were replicated in 
studies applying FWE-corrected thresholds, 99.5 % in those using 
SPM12, and 99.9 % in studies employing a smoothing kernel ≥ 8 mm.

There was no substantial heterogeneity among the included studies 
at the peak coordinates of GM reduction, as indicated by low I² values for 
all three clusters ranging from 5.5 % to 12.2 % (cluster 1 = 5.5 %; 
cluster 2 = 12.2 %; cluster 3 = 7.6 %).

Funnel plots showed no visible asymmetry (Supplementary Material 
S6), and Egger’s tests were non-significant for all three clusters (cluster 1 
bias = 0.90, z = 0.68, p = 0.499; cluster 2 bias = 0.74, z = 0.56, 
p = 0.578; cluster 3 bias = 1.34, z = 1.06, p = 0.288).

The cumulative evidence showed high certainty, supported by 
consistent jackknife and subgroup results, low heterogeneity (I² <
15 %), and no indication of publication bias.

3.4. Structural connectivity analysis

The tractography analysis based on the meta-analytic GM atrophy 
map revealed 13 tracts cumulatively accounting for approximately 80 % 
of the total streamline contribution (Fig. 5, left). The most frequently 
represented WM pathways were the right PAT (15.6 %), right SLF (III: 
9.6 %; II: 6.3 %), and the bilateral vertical occipital fasciculus (VOF; 
right: 9.3 %, left: 6.5 %). Additional tracts included the ILF (right: 
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8.1 %, left: 4.0 %), the forceps major of the corpus callosum (5.8 %), and 
the right cingulum bundle (4.0 %). Smaller contributions were observed 
in the left IFOF (3.7 %), corpus callosum body (2.6 %), and left 
cingulum segments (≤ 2.3 %).

A second tractography analysis, seeded from the atrophy map 
derived from the meta-regression examining the interaction between 
centered age and disease duration, identified eight tracts (Fig. 5, right). 
The largest streamline contributions were found in the left arcuate 
fasciculus (AF-L: 21.2 %) and the left FAT (13.3 %). Other major path
ways included the superior thalamic radiations (STR; right: 11.0 %, left: 
5.5 %), left SLF III (7.1 %), the left middle longitudinal fasciculus 
(MdLF; 9.5 %), left ILF (4.4 %), and the right cingulum (4.3 %).

Robustness analyses showed high agreement across diffusion tem
plates and seeding strategies. Using the HCP-YA Retest template, 81 % 
of WM pathways identified in the main CBMA analysis and 78 % of those 
from the age x disease-duration interaction analysis were replicated. 
Tract-wise contributions showed high consistency across templates (ρ =
0.87 and ρ = 0.84, respectively; both p < 0.001; Supplementary Mate
rial S7). Cluster-wise sensitivity analyses further demonstrated near- 
complete overlap between pathway sets derived from composite and 
cluster-wise seeding for both statistical maps (main CBMA: Jaccard 
index = 0.96; age × disease-duration interaction: Jaccard index = 0.87).

4. Discussion

This study provides the most up-to-date and methodologically 

rigorous CBMA of VBM studies in PCA, complemented by a whole-brain 
tractography analysis based on a normative diffusion MRI template. By 
leveraging SDM-PSI and including 18 studies with 19 independent 
samples (n = 916 participants), we identified a consistent and bilateral 
pattern of GM atrophy in PCA.

The most significantly affected regions included the right lateral 
occipital cortex extending into the inferior parietal lobule and ventral 
occipito-temporal areas, as well as the left superior occipital gyrus and 
bilateral precuneus. Additional involvement was observed in the right 
inferior and middle temporal cortices. These findings are aligned with 
the hallmark clinical and radiological features of PCA (Best et al., 2023).

Compared to the previous meta-analysis by Alves et al. (2013) (), our 
study both replicates and extends prior findings. Alves and colleagues 
reported atrophy mainly in the left inferior and middle temporal gyri, 
fusiform and parahippocampal regions, and the right inferior parietal 
lobule. In contrast, our results indicate a more pronounced 
right-lateralized involvement, particularly in occipital and temporal 
cortices, as well as broader engagement of dorsal and ventral visual 
streams. Additionally, we consistently identified bilateral precuneus 
atrophy, a finding not reported by Alves et al., likely reflecting the 
greater sensitivity of our methodology and the inclusion of a larger, 
more recent dataset. Notably, this result is consistent with previous 
studies highlighting the precuneus as a key region for differentiating 
PCA from DLB (Whitwell et al., 2017), and as a critical area in patients 
with underlying amyloid pathology (Isella et al., 2022a). Furthermore, 
the precuneus has been proposed as a promising target for 

Table 1 
Demographic and clinical characteristics of the included VBM studies.

Study Demographic 
characteristics

Clinical 
characteristics

Quality

Sample 
size

Age (SD) Female (%) Education (SD) Disease duration 
(SD)

MMSE 
(SD)

NOS 
score

PCA HC PCA HC PCA HC PCA HC PCA PCA

Agosta et al. (2018) (S1) 8 24 60.2 (4.7) 60.9 (6.7) 3 (38) 10 
(42)

13.6 (2.3) 13 (3.1) 4.8 (1.6) 13.4 (7.4) 7 /9

Agosta et al. (2018) (S2) 13 20 61.9 (6.0) 62.0 (2.8) 9 (69) 13 
(65)

9.5 (3.2) 16 (4.7) 3.4 (1.1) 16.5 (4.8) 9 /9

Ahmed et al. (2018) 18 45 64.9 (6.8) 64.4 (7.2) 9 (50) 20 
(44)

13.6 (2) 14.2 (3) 3.8 (1.9) NR (NR) 8 /9

Cope et al. (2022) 15 48 62.5 
(8.43)

63.6 (8.2) 9 (60) 26 
(54)

NR (NR) NR (NR) NR (NR) 19.1 (5.7) 8 /9

Cui et al. (2022) 18 20 57.6 (5.0) 54.9 (8.2) 11 
(61)

7 (35) 9.22 (5.2) 11.5 (2.9) 3.94 (1.5) 13.11 (5.3) 9 /9

Fredericks et al. (2019) 26 64 62.1 (7.9) 62.5 (7.6) 14 
(54)

34 
(53)

16.19 
(3.7)

16.42 
(1.9)

NR (NR) 22.87 (5.3) 6 /9

Fumagalli et al. (2020) 15 15 68.8 (7.3) 69.5 (6.5) 8 (53) 7 (47) 9.27 (3.8) 7.78 (3.3) 3.6 (2.3) 18.27 (4.7) 9 /9
Glick-Shames et al. (2019) 10 14 63.3 (8.1) 60.9 (7.2) 4 (40) 6 (43) NR (NR) NR (NR) 2.88 (NR) NR (NR) 6 /9
Lehmann et al. (2011) 48 50 63.0 (6.7) 63.7 (9.6) 29 

(60)
33 
(66)

NR (NR) NR (NR) 4.8 (NR) 21.4 (4.6) 8 /9

Migliaccio et al. (2009) 14 65 61.0 (8.2) 61.0 
(10.1)

9 (64) 38 
(58)

15.1 (2.9) 17.6 (2.4) 3.3 (NR) 20.6 (7.2) 8 /9

Migliaccio et al. (2012b) 7 29 60.9 (4.1) 59.0 (4.9) 6 (86) 19 
(66)

10.3 (3) NR (NR) 4 (1.5) 17 (4.9) 7 /9

Migliaccio et al. (2016) 10 28 61.0 (4.0) 57.0 (9.0) 8 (80) 16 
(57)

NR (NR) NR (NR) 3.2 (0.9) 17.5 (5.0) 9 /9

Miller et al. (2018) 19 20 59.2 (6.4) 63.2 (NR) 10 
(53)

11 
(55)

15.6 (2.1) NR (NR) 4.2 (6.0) 22.7 (3.8) 7 /9

Montembeault et al. 
(2018)

27 30 62.6 (5.5) 61.5 (8.4) 15 
(56)

16 
(53)

NR (NR) NR (NR) 3.6 (2.3) 19.2 (5.0) 9 /9

Neitzel et al. (2016) 10 12 64.7 (7.5) 64.8 (5.7) 5 (50) 7 (58) 10.2 (1.3) 10.7 (1.8) 2.5 (NR) 19.4 (3.7) 9 /9
Ramanan et al. (2018) 5 10 61.2 (1.5) 66.9 (4.2) 2 (40) 5 (50) 23.8 (2.3) 14 (2.6) 5.5 (2.3) NR (NR) 7 /9
Ranasinghe et al. (2014) 7 15 60.4 (3.3) 64.1 (5.0) 3 (43) 8 (53) 15.32 

(1.9)
16.65 
(2.2)

6.64 (2.1) 19.15 (4.6) 6 /9

Ryan et al. (2014) 31 30 63.4 (6.2) 63.9 (6.2) 19 
(61)

17 
(57)

NR (NR) NR (NR) 5.3 (2.8) 18.9 (6.4) 7 /9

Whitwell et al. (2007) 38 38 64.3 (7.2) 65.9 (7.0) 22 
(58)

22 
(58)

14 (NR) 14 (NR) 4 (NR) 18.5 (NR) 6 /9

HCs = Healthy controls; NOS = Newcastle-Ottawa Scale; NR = not reported; PCA = Posterior Cortical Atrophy; S1 = Sample 1; S2 = Sample 2; SD = standard de
viations.
Note: S1 and S2 denote two cohorts from the same study, analyzed separately as part of a bi-centric recruitment design.
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neuromodulation interventions in AD (Koch et al., 2022, 2018; Menardi et al., 2021), supporting its relevance in both diagnostic and therapeutic 

Fig. 3. Regions showing reduced GM in PCA patients. Meta-analytic map of GM volume loss displayed on the MNI152 surface template. FWE correction was applied 
using TFCE (p < 0.05, cluster extent ≥ 50 voxels).

Table 2 
Regional differences in GM volume between patients with PCA and HCs in the meta-analysis.

Brain regions MNI 
coordinates

SDM-Z 
value

P- 
value

Number of 
voxels

Cluster breakdown 
(number of voxels)

Jackknife 
sensitivity

Right middle 
occipital gyrus, 
BA19

44, − 78, 12 4.71 0.0009 5593 Right inferior parietal gyri, BA40 (696); Right middle occipital gyrus, BA19 (519); 
Right angular gyrus, BA39 (412); Right supramarginal gyrus, BA40 (411); Right 
inferior occipital gyrus BA19 (299); Right middle temporal gyrus, BA37 (295); 
Right middle occipital gyrus, BA39 (251); Right fusiform gyrus, BA19 (150)

17 out of 
19

Left superior 
occipital gyrus, 
BA7

-24, − 74, 38 4.74 0.0019 3612 Left middle occipital gyrus, BA19 (757); Corpus callosum (272); Left middle 
occipital gyrus, BA18 (227); Left precuneus (226); Right precuneus (188); Right 
precuneus, BA7 (173); Left precuneus, BA7 (166)

18 out of 
19

Right inferior 
temporal gyrus, 
BA20

60, − 30, − 16 4.64 0.0019 937 Right middle temporal gyrus, BA21 (456) 19 out of 
19

BA = Brodmann area; GM = gray matter; MNI = Montreal Neurological Institute; SDM-Z = Seed-based d Mapping Z-value

Fig. 4. Brain region showing GM volume associations with age x disease duration interaction in PCA. Meta-regression map and corresponding 3D scatterplot of 
study-wise effect sizes, visualized as a function of centered age and disease duration. Results are FWE-corrected using TFCE (p < 0.05, cluster extent ≥ 50 voxels).
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contexts.
An important methodological advance of the present study is the 

incorporation of meta-regression analyses. A preliminary analysis 
revealed a strong negative correlation between mean age and disease 
duration across samples. This pattern likely reflects a characteristic 
feature of PCA, in which diagnosis is often delayed due to its presenile 
onset and atypical visual presentation, leading many patients to undergo 
multiple ophthalmological assessments before neurological referral 
(Balasa et al., 2011; Cogan, 1985; Crutch et al., 2017; Murray et al., 
2011; Tang-Wai et al., 2004). Moreover, consistent with other 
early-onset AD phenotypes (Hammers et al., 2025), early-onset PCA has 
been reported to exhibit a faster clinical course and progression than 
late-onset PCA (Isella et al., 2022b; Phillips et al., 2021).

In the meta-regression analysis, while no significant associations 
were found for gender, education, or MMSE scores, we identified a 
significant interaction between age and disease duration, which was 
associated with atrophy in the left superior temporal gyrus and right 
thalamus. These findings suggest a possible age-by-duration modulation 
of neurodegeneration in PCA, with implications for language impair
ment (linked to left temporal regions) and functional decline (associated 
with right thalamic damage). Notably, this resonates with emerging 
clinical observations of language deficits in advanced PCA cases 
resembling logopenic PPA (Ahmed et al., 2024; Fitzpatrick et al., 2019; 
Magnin et al., 2013), and recent evidence linking thalamic atrophy to 
disease severity and autonomy loss in PCA (Wang et al., 2024).

Our tractography analyses provide a complementary perspective on 
the structural architecture potentially underlying the observed patterns 

of GM atrophy in PCA, highlighting WM pathways that may mediate or 
reflect disease-related network disconnection, as inferred within a 
normative-connectivity framework (Dogan et al., 2015; Jiang et al., 
2023; Li et al., 2021; Liang et al., 2023; Phillips et al., 2019; Ravano 
et al., 2021; Salvalaggio et al., 2020; Smits et al., 2023).

The first connectivity analysis, seeding on composite seeding of the 
meta-analytic atrophy map, highlighted predominant involvement of 
the right PAT, SLF, and ILF, as well as the bilateral VOF, together with 
additional interhemispheric and associative bundles such as the corpus 
callosum, left IFOF, and cingulum. This pattern broadly aligns with the 
posterior-to-anterior disconnection profile previously described in PCA 
(Migliaccio et al., 2012a; Phillips et al., 2024), encompassing tracts that 
are crucial for visuospatial integration, as well as for functions sup
ported by the dorsal and ventral visual streams and visuomotor coor
dination, all of which represent key domains impaired in PCA 
(Migliaccio et al., 2016, 2012b; Montembeault et al., 2018).

The second connectivity analysis, based on composite seeding of the 
age × disease-duration interaction map, revealed a left-lateralized 
pattern involving the AF, FAT, and bilateral STR. These tracts, associ
ated with language and executive functions, may reflect compensatory 
or alternative disconnection pathways emerging in younger-onset, 
longer-duration cases. Consistent with left temporal involvement and 
logopenic-like features, the AF has been related to phonological and 
repetition processes (Breier et al., 2008), while the FAT has been linked 
to visuospatial and constructional abilities in AD (Serra et al., 2017). The 
STR may represent a key substrate of thalamo-cortical disconnection, 
whose involvement has been associated with greater disease severity 

Fig. 5. Structural connectivity results based on meta-analysis and meta-regression atrophy maps. Tractography based on the HCP-1065 population-averaged 
diffusion template. The left panel shows tracts seeded from CBMA-derived atrophy regions, and the right panel those associated with the age × disease duration 
interaction. Axial, sagittal, and coronal views highlight the main color-coded white matter pathways intersecting the atrophic clusters, with labels indicating tract- 
specific streamline percentages. Acronyms: AF = Arcuate Fasciculus; CC-Body = Corpus Callosum - Body; CC-FMj = Corpus Callosum - forceps major; CG (FP) 
= Cingulum (Frontal-Parietal segment); CG (PHPs) = Cingulum (Parahippocampal-Parietal segment); FAT = Frontal Aslant Tract; IFOF = Inferior Fronto-occipital 
Fasciculus; ILF = Inferior Longitudinal Fasciculus; L = Left; MdLF = Middle Longitudinal Fasciculus; PAT = Parietal Aslant Tract; R = Right; SLF = Superior Lon
gitudinal Fasciculus; STR = Superior thalamic radiations; VOF = Vertical Occipital Fasciculus.
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and executive dysfunction in AD (Doan et al., 2017; Niida et al., 2013; 
Wen et al., 2019).

The observed interaction supports the hypothesis of an additional 
right-to-left gradient of degeneration, complementing the widely 
described posterior-to-anterior trajectory in PCA. This dual-gradient 
model offers a unifying framework for interpreting earlier findings of 
predominant right-hemisphere disconnection (Cerami et al., 2015; 
Madhavan et al., 2016) and may help account for the clinical hetero
geneity frequently seen in PCA. Future longitudinal studies are war
ranted to validate this hypothesis. Together, these tract-level findings 
offer a neuroanatomical framework linking posterior GM atrophy with 
long-range associative disconnection, consistent with emerging 
network-based models of AD (Hwang et al., 2019; Liang et al., 2023; 
Lombardi et al., 2020; Mongay-Ochoa et al., 2025; Palop and Mucke, 
2016; Qing et al., 2021). They also reinforce the emerging view that PCA 
is not confined to degeneration of the visual cortex but involves broader 
disruption of large-scale networks (Agosta et al., 2018; Glick-Shames 
et al., 2020; Migliaccio et al., 2020; Phillips et al., 2024; Singh et al., 
2024). The variable hemispheric distribution of affected tracts may 
reflect individual disease trajectories and could be modulated by the 
relationship between WM microstructural abnormalities and the 
expression of clinical symptoms (Millington et al., 2017).

This study has some limitations that should be acknowledged. 
Although this meta-analysis included the largest number of PCA studies 
to date, PCA remains a rare clinical syndrome, and the number of 
eligible whole-brain VBM datasets remains relatively limited compared 
to typical AD. Second, the absence of syndrome-specific cognitive 
measures (such as simultanagnosia tasks, complex figure copying, or 
comprehensive visuospatial and visuoperceptual test batteries) limits 
the specificity and interpretability of the meta-regression analysis. The 
reliance on MMSE as a general index of disease severity may be sub
optimal, as this global cognitive screening tool is poorly sensitive to the 
posterior deficits that are characteristic of PCA. Moreover, disease 
duration was retrospectively estimated in most included studies, thereby 
introducing potential variability across cohorts. Finally, tractography 
was performed within a normative-connectivity framework projecting 
atrophy maps onto a population-averaged connectome. This approach 
enables reproducible and anatomically standardized inferences and 
mitigates potential false negatives that may arise when patient-specific 
WM degeneration compromises tractography (Phillips et al., 2019; 
Yeh et al., 2018). However, it does not capture individual variability, 
and the use of a young healthy template likely provides an upper-bound 
estimate of WM integrity, given the well-established age-related decline 
in WM microstructure (Bennett and Madden, 2013; Madden et al., 
2012). Consequently, the inferred disconnection patterns should be 
interpreted as conservative, topographic indicators of pathways at risk, 
and may underestimate the actual extent of WM disruption in older PCA 
cohorts. Nonetheless, the high-quality HCP templates offer excellent 
spatial resolution and methodological reliability, and remain a valuable 
resource for exploratory indirect-mapping analyses (Liang et al., 2023; 
Phillips et al., 2019; Yeh et al., 2018).

Future research should prioritize the integration of multimodal 
neuroimaging techniques (including structural MRI, DTI, functional 
MRI, and PET) to identify converging biomarkers that can capture the 
complexity of disease progression and phenotypic variability in PCA. In 
this context, molecular PET imaging, particularly amyloid and tau PET, 
provides critical complementary information for assessing pathological 
burden, refining clinicopathological interpretation, and guiding longi
tudinal monitoring (Gan et al., 2025; Katsumi et al., 2025; La Joie et al., 
2021; Phillips et al., 2021). Such approaches may enhance diagnostic 
accuracy and enable improved stratification of patients for targeted in
terventions. Additionally, longitudinal studies will be crucial to eluci
date the temporal dynamics of GM and WM changes and their 
relationship with evolving cognitive and functional impairments, 
thereby improving our understanding of the mechanisms underlying 
disease progression and clinical heterogeneity in PCA.

Conclusion

This study provides the most comprehensive meta-analysis of VBM in 
PCA to date. Results demonstrate consistent GM loss in occipital, pari
etal, precuneus, and ventral temporal regions, and reveal an interaction 
between age and disease duration associated with temporal and 
thalamic involvement. These findings refine the neuroanatomical profile 
of PCA and underscore its distributed and asymmetric nature. Structural 
connectivity analyses further suggest posterior–anterior and right–left 
gradients of network disruption.

Together, these results advance the development of imaging bio
markers capable of improving early diagnosis, stratifying disease stages, 
and guiding therapeutic interventions. In particular, they highlight the 
potential for network-targeted approaches, including neuromodulation 
strategies. Future multimodal and longitudinal studies will be crucial to 
track disease progression, clarify the links between structural discon
nection and cognitive decline, and support personalized clinical man
agement in this heterogeneous and often under-recognized syndrome.
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