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ABSTRACT
Background  Dementia with Lewy bodies (DLB) is the 
second most common neurodegenerative dementia, yet 
it remains under-recognised and misdiagnosed, which 
delays treatment, causes inaccurate prognosis and limits 
research opportunities. Imaging with 2-[18F]fluoro-2-
deoxy-D-glucose positron emission tomography (FDG 
PET) is a supportive DLB biomarker. We evaluated a 
multivariate, quantifiable metabolic network biomarker, 
termed DLB-related pattern (DLBRP), for its further 
clinical translation across centres and disease stages.
Methods  We analysed demographic, clinical and FDG 
PET imaging data of 1180 participants from 14 tertiary 
centres and two multicentre datasets. We included 379 
DLB, 28 mild cognitive impairment-LB (MCI-LB), 195 
dementia due to Alzheimer’s disease (ADD), 172 MCI-AD 
without α-synuclein co-pathology (MCI-AD-S–), and 73 
MCI-AD with α-synuclein co-pathology (S+) patients, 
along with a comparative group of 333 normal controls 
(NCs). From the scans, we calculated the expression 
of DLBRP, AD-related pattern (ADRP) and Parkinson’s 
disease-related pattern (PDRP) and compared them 
across groups. DLBRP scores were correlated with clinical 
measurements.
Results  Across independent cohorts, DLBRP robustly 
distinguished DLB from NCs (sensitivity >89%, specificity 
>90%), and scores correlated with Unified Parkinson’s 
Disease Rating Scale Part III and independently predicted 
Mini–Mental State Examination. DLBRP was elevated 
already in MCI-LB. In a small longitudinal dataset, we 
observed steady increases in DLBRP expression with 
scores exceeding the diagnostic threshold prior to 
dementia onset. DLBRP and PDRP discriminated DLB 
from ADD (sensitivity, 74%–90%; specificity, 80%). In 
MCI-AD groups, ADRP was expressed, whereas DLBRP 
and PDRP were increased only in MCI-AD-S+, although 
comparatively less than in MCI-LB.
Conclusions  This study demonstrates the value of 
DLBRP in diagnosing prodromal and manifest DLB 
and distinguishing them from their AD counterparts. 
While overlap between patterns may reflect actual co-

pathology, this possibility cannot be accepted without 
thorough pathological confirmation. The current findings 
support the use of DLBRP in patient evaluation and in 
future trial design.

BACKGROUND
Dementia with Lewy bodies (DLB) is the second most 
common neurodegenerative dementia, characterised 
by the presence of cognitive decline, Parkinsonism, 
visual hallucinations, fluctuating cognition and Rapid 
Eye Movement (REM) sleep behaviour disorder 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Imaging with 2-[18F]fluoro-2-deoxy-D-glucose 
positron emission tomography supports the 
diagnosis of dementia with Lewy bodies (DLB), 
but visual reads are prone to subjectivity; 
multivariate metabolic-network-based 
biomarkers, such as DLB-related pattern 
(DLBRP), Alzheimer disease-related pattern and 
Parkinson disease-related pattern (PDRP), allow 
objective, individual-level quantification.

WHAT THIS STUDY ADDS
	⇒ In this large observational, multicentre study, 
DLBRP was validated across 1180 participants, 
showing robust accuracy for distinguishing DLB 
patients from controls and Alzheimer dementia 
patients, and for detecting changes already 
in prodromal disease. PDRP offers additional 
complementary diagnostic value.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ These findings support the use of these novel 
metabolic brain imaging biomarkers in clinical 
and research settings for diagnosis and tracking 
disease progression in prodromal and manifest 
DLB.
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(RBD).1 DLB shares clinical, imaging and pathological similarities 
with Alzheimer disease dementia (ADD). Despite recent refine-
ment of the diagnostic criteria, DLB remains underdiagnosed.2 
Patients with DLB are often diagnosed with a delay, undergo more 
scans and have more alternative prior diagnoses than patients with 
non-DLB dementias.3 Misdiagnosis can lead to inaccurate thera-
peutic management, especially in the context of increased sensi-
tivity to antipsychotics, inaccurate prognosis and limited research 
opportunities.1 4 5 Early diagnosis is even more challenging. 
Recently, the criteria for diagnosing a prodromal stage of DLB, 
where mild cognitive impairment with LB (MCI-LB) is the most 
common form, were proposed and validated.6 7 MCI-LB shares 
clinical characteristics with MCI due to AD (MCI-AD), and there 
is a substantial effect of co-pathologies, with amyloid depositions 
found in 40% of MCI-LB patients and α-synuclein pathology in 
25% of MCI-AD.8–10 Common co-pathologies further increase the 
complexity of the diagnosis and limit research and clinical trials 
opportunities for these patients.4

Metabolic brain imaging with 2-[18F]fluoro-2-deoxy-D-glucose 
positron emission tomography (FDG PET) is one of the supportive 
biomarkers of DLB and MCI-LB.1 4 7 Occipital hypometabolism 
with relatively preserved activity in the temporal lobes, and the 
appearance of the so-called cingulate island sign (ie, relatively 
preserved activity in the posterior cingulate cortex) is commonly 
observed in patients with DLB.11 Similarly, reduced metabolic 
activity in the occipital lobes is seen in MCI-LB.6 However, the 
inability to accurately detect early, subtle changes in regional 
metabolism and low inter-rater reliability limit the utility of this 
neuroimaging sign.12 13 Advances in network imaging, such as 
spatial covariance analysis using a scaled subprofile model/prin-
cipal component analysis, can further improve the diagnostic 
value of metabolic brain imaging.14 15 Characteristic disease-
related metabolic brain patterns, whose expressions can be quan-
tified at an individual patient level, have been identified for many 
neurodegenerative disorders, including AD (AD-related pattern, 
ADRP),16 17 Parkinson’s disease (PD-related pattern, PDRP),15 18 
and, more recently, DLB.15 19 PDRP is characterised by bilateral 
hypermetabolic changes in the basal ganglia, and hypometabolism 
in premotor and parietal association cortices. When evaluated 

alongside metabolic brain patterns of other atypical Parkinsonian 
syndromes, PDRP achieved a pooled sensitivity of 84% and speci-
ficity of 96% for differentiating PD from multiple system atrophy 
and progressive supranuclear palsy.20 However, its potential role 
in distinguishing DLB from ADD has not yet been systematically 
investigated. DLB-related pattern (DLBRP) was characterised by 
reduced bilateral metabolic activity in the occipital, posteroinferior 
parietal and inferior temporal cortices and precuneus, which cova-
ried with relatively increased metabolic activity in the basal ganglia, 
medial temporal lobes and cerebellum.19 While it was shown previ-
ously that DLBRP captures both α-synuclein and amyloid-β co-pa-
thology and topographically overlaps with both PDRP and ADRP, 
it is also characterised by metabolic changes specific to DLB.19 It 
is not known if DLBRP topography is readily transferable across 
sites, nor if the pattern is already expressed in prodromal disease. 
This is critical before a possible clinical integration.21

This study had two main and one exploratory specific aim: 
(1) to study the ability of DLBRP as well as ADRP and PDRP in 
distinguishing DLB from normal controls (NCs) and ADD; (2) to 
examine the expression levels for these disease networks in patients 
with MCI-LB and MCI-AD without (S–) or with (S+) α-synuclein 
co-pathology and (3) to explore the changes in the expression of 
DLBRP over time in patients with prodromal and manifest DLB.

METHODS
Participants and procedures
We analysed the demographic, clinical and FDG PET imaging data 
of 1180 participants from 14 sites and two datasets (table 1). There 
were 379 DLB, 28 MCI-LB, 195 ADD, 172 MCI-AD-S– and 73 
MCI-AD-S+ patients, along with a comparative group of 333 
NCs.

Patients with a possible or probable DLB diagnosis were 
included.1 22 For DLB patients, we gathered information on the 
presence of core features before or at the time of imaging according 
to diagnostic criteria,1 the current use of levodopa and antide-
mentia (either acetylcholinesterase inhibitors or NMDA receptor 
antagonist) medications, and the on-site visual reading of dopa-
mine transporter single-photon emission CT (DAT SPECT), that 

Table 1  Demographic and clinical data

Centre

Identification and internal validation External single-centre testing External multicentre testing

Ljubljana Seoul
ADNI, 
AIMN

E-DLB, Freiburg, 
Milan

E-DLB, 
Ljubljana ADNI

Dg NC DLB ADD NC DLB NC DLB MCI-LB ADD MCI-AD-S– MCI-AD-S+

N 74 102 45 16 9 243 268 28 150 172 73

Age (years) 67.0±6.8 75.0±6.7 74.2±7.1 58.4±6.1 72±4.4 68.6±9.8 72.8±7.3 74.8±6.5 74.2±8.1 73.6±6.4 73.6±6.8

MMSE 29.1±0.9 21.3±4.8 18.9±4.9 – 18.6±6 28.9±1.4 21.8±4.6 26.2±2.9 23.3±2.1 27.3±2.1 26.6±2.1

MOCA 26.8±1.9 17.4±5.3 17.4±5.5 – – – 21.2±4.8 – 16.8±4.7 22.5±2.9 21.4±2.6

UPDRS – – – – 35.8±14.3 – 24.5±11.7 15.1±9.8 – – –

Dis. dur. – 3.6±2.0 4±2.5 – 6.7±1.5 – 2.3±1.7 – – – –

Sex (f) 62% 31% 56% 81% 67% 51% 38% 43% 42% – –

Park. – 100% – – – – 84% 89% – – –

VH – 73% – – – – 60% 32% – – –

FC – 48% – – – – 56% 59% – – –

RBD – 46% – – – – 47% 67% – – –

DaT SPECT (abn) – 90% – – – – 89% 82% – – –

Amy (pos) – 24% 100% – – 0% 50% 52% 100% 100% 100%

The data are given as average±SD.
abn, abnormal; AD, Alzheimer disease; ADD, Alzheimer disease dementia; ADNI, Alzheimer’s Disease Neuroimaging Initiative; AIMN, Associazione Italiana Medicina Nucleare; Amy, amyloid; DaT 
SPECT, dopamine transporter imaging with single photon emission CT; Dg, diagnosis; Dis. dur., disease duration; DLB, dementia with Lewy bodies; E-DLB, European DLB consortium; f, female; 
FC, fluctuating cognition; LB, Lewy body; MCI, mild cognitive impairment; MMSE, Mini–Mental State Examination; MOCA, Montreal Cognitive Assessment; N, number; NC, normal control; Park., 
parkinsonism; pos, positivity; RBD, Rapid Eye Movement sleep behavior disorder; S, α-synuclein; UPDRS-III, Unified Parkinson Disease Rating Scale; VH, visual hallucinations.
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is, either normal or abnormal. Patients with MCI-LB were diag-
nosed according to the current research guidelines.7 Only patients 
with a characteristic ‘Alzheimer’ cerebrospinal fluid (CSF) profile 
were included in the ADD and MCI-AD groups. The MCI-AD 
group was further divided based on the α-synuclein seed ampli-
fication assay results into S– and S+ subgroups0.23 Additionally, 
we retrospectively identified 8 DLB patients who were scanned 
twice from the Ljubljana cohort, and we studied the progression of 
their metabolic brain changes over time (see online supplemental 
Results). Details of individual cohorts are available in the online 
supplemental material and elsewhere.17 19 24–30

Amyloid biomarker analysis was performed in 691 individuals, 
either by CSF analysis or amyloid PET (online supplemental mate-
rial for further details). FDG PET images were obtained using 
different scanners (see online supplemental material for further 
details); however, all scans underwent the same pre-processing 
steps using an in-house pipeline to preprocess the scans.17 Each 
scan was visually checked for quality and adherence to the Euro-
pean Association of Nuclear Medicine (EANM) procedural guide-
lines to ensure comparability.31

Then, we used the forward application routine in ScAnVP soft-
ware (Center for Neuroscience, Feinstein Institutes for Medical 
Research, New York, USA, available at: https://feinsteinneurosc​
ience.org/)14 to calculate the expression of previously identified 
and locally validated DLBRP.19 We also assessed the expression 
of previously identified and validated ADRP16 17 and PDRP.15 18 
The resulting raw expression scores were standardised (z-scoring) 
using local NCs (Ljubljana, Seoul and ADNI) or a large combined 
cohort from ADNI and AIMN (European DLB Consortium, Milan 
and Freiburg). Patients and NCs from Ljubljana, not used for the 
identification and initial validation of the DLBRP,19 were deemed 
the second internal validation group. Patients and NCs from Seoul 
were considered the external single-centre testing group, as this 
was the only cohort with local NC scans.

Statistical methods
Student’s independent-sample t-test, one-way analysis of variance 
with post hoc Tukey HSD or χ² test were used to compare demo-
graphic data across groups, as appropriate. One-way ANCOVA with 
post hoc Tukey HSD (family-wise error within model) was used to 
assess group differences in pattern expression while controlling for 
scanner and, when needed, for the confounding effects of age and 
sex. Furthermore, due to the spatial overlap between DLBRP, PDRP 
and ADRP, which could lead to non-specific elevation of subject 
scores,16 19 we included the subject scores of DLBRP, PDRP or ADRP 
as covariates in our analysis, as appropriate. A student paired t-test 
was used to assess within-group differences in network expression.

The pROC package32 was used to calculate the area under the 
curve (AUC). Specificity and sensitivity values were determined using 
Youden’s index, first calculated from the first internal validation 
group (21 NCs and 59 DLB)19 and then from the current dataset. 
Variability in the AUC, specificity and sensitivity was estimated 
by bootstrap resampling with 1000 iterations. Pearson’s correla-
tion coefficient was used for simple correlational analyses between 
pattern scores and Mini–Mental State Examination (MMSE) and 
Unified Parkinson’s Disease Rating Scale Part III (UPDRS-III). Then, 
multivariate linear regression models and/or partial correlation anal-
yses were conducted to assess the relationship between subject scores 
and cognitive and motor impairment. Variance inflation factor (VIF) 
was calculated to assess the severity of multicollinearity in the regres-
sion models (see online supplemental material for further details). 
False discovery rate (FDR) corrected p values using the Benjamini-
Hochberg approach are reported.

All statistical analyses were conducted in RStudio V.2024.4.2.764,33 
R V.4.4.134 and figures were produced with the ggplot2 package.35 
Results were considered significant at p < 0.05 (two-tailed).

RESULTS
Demographic and clinical data are presented in table 1.

DLBRP expression in patients with DLB and NCs
Comparisons between identification and first internal validation 
of DLB and NC cohorts have been reported previously.19 The 
optimal (general) threshold was derived from the first internal 
validation group and set at Z = 1.43, which yielded high sensi-
tivity (93%) and specificity (100%) with an AUC of 0.99.

Internal single-centre validation
The second internal validation group consisted of 33 NCs and 
23 DLB. NCs were younger (p=0.01), had a higher proportion 
of females (p = 0.01) and had higher MMSE scores (p < 0.001) 
than DLB. The DLB group had higher, adjusted for age and sex, 
DLBRP expression than the NCs (difference = 4.6, p < 0.001, 
figure  1A), which enabled high discrimination accuracy with 
general (table 2) or dataset-specific (online supplemental table 
1) thresholds.

External single-centre testing
Patients and NCs from Seoul were considered an external single-
centre testing cohort. The NCs were younger than the DLB (p 
< 0.001), but the groups did not differ in sex distribution (p = 
0.74). The DLB had higher, adjusted for age, DLBRP expression 
than the NCs (difference = 4.02, p = 0.0005, figure 1A), which 
enabled high discrimination accuracy with general (table 2) or 
dataset-specific (online supplemental table 1) thresholds.

External multicentre testing
The 243 NCs from the ADNI and AIMN databases and 268 
patients from the European DLB consortium, Freiburg and 
Milan, comprised the external multicentre testing group. NCs 
were younger (p < 0.001), had a higher proportion of females 
(p = 0.004) and had higher MMSE scores (p < 0.001) than 
DLB. The DLB had higher, adjusted for scanner, age and sex, 
DLBRP expression than the NCs (difference = 4.69, p < 0.001, 
figure  1A), which enabled high discrimination accuracy with 
general (table 2) or dataset-specific (online supplemental table 
1) thresholds.

Relationship between metabolic brain networks and clinical 
features
Core features, cognition and treatment
DLB and MCI-LB groups were combined to study the relation-
ship between metabolic network expression and clinical features. 
We observed a significant correlation between UPDRS-III and 
DLBRP expression (pFDR = 0.04) and a non-significant trend for 
PDRP (pFDR = 0.07). High collinearity was noted between the 
DLBRP and PDRP scores (VIFs > 13); therefore, only a partial 
correlation analysis was performed. The covariate-adjusted 
correlation between DLBRP expression and UDRPS-III was 
significant (r = 0.26 (0.05, 0.45), pFDR = 0.04, figure 1B), but 
not between PDRP and UPDRS-III (r = 0.20 (–0.02, 0.40), pFDR 
= 0.07).

We observed a significant correlation between MMSE and 
DLBRP (pFDR < 0.001) and ADRP (pFDR < 0.001). A covariate-
adjusted multivariate linear regression model showed signifi-
cant contributions of DLBRP (β = –0.55 (–0.80, –0.30), pFDR 
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< 0.001) and ADRP (β = –0.50 (–0.78, –0.22), pFDR < 0.001) 
to MMSE. The covariate-adjusted partial correlation analysis 
showed a significant correlation between DLBRP and MMSE (r 
= –0.28 (–0.38, –0.18), pFDR < 0.001, figure 1C), and between 
ADRP and MMSE (r = –0.24 (–0.34, –0.14), pFDR < 0.001).

After adjusting for confounding variables, DLBRP expression 
did not differ according to the presence or absence of each core 
clinical feature or current treatment status (online supplemental 
table 2).

DAT imaging (DAT SPECT)
There was no difference in age (p = 0.95), sex (p = 0.41) or 
MMSE (p = 0.89) between patients with (n = 162) and without 
(n = 20) dopaminergic loss. Patients with reduced DAT density 
in the basal ganglia had higher DLBRP expression than those 
with normal dopaminergic integrity (p = 0.003).

Metabolic brain networks in DLB and ADD
Internal single-centre validation
The 82 DLB and 45 ADD patients from Ljubljana comprised 
the internal validation set. The DLB group was predominantly 
male (p = 0.02) with higher MMSE scores (p = 0.005). The 
covariate-adjusted expressions of DLBRP, ADRP and PDRP 
differed between the groups (all p < 0.001, (online supple-
mental figure 1).

Moderate discrimination was observed between DLB and 
ADD based on DLBRP (AUC = 0.78), ADRP (AUC = 0.66) and 
PDRP (AUC = 0.76) expression, with moderate sensitivity for 
DLBRP (74%) and PDRP (74%), but not for ADRP (48%). All 
patterns achieved good specificity (76%–82%), using a general 
(online supplemental table 3A) or an optimal threshold from the 
external multicentre validation group (online supplemental table 
3B).

External multicentre testing
The external multicentre testing group comprised 277 DLB 
and 150 ADD patients from the European DLB consortium, 
Freiburg, Milan, Seoul and ADNI. The DLB group was margin-
ally younger (p = 0.06) and had lower MMSE scores (p < 0.001). 
The covariate-adjusted expressions of DLBRP (figure 2A), ADRP 
(figure 2B), and PDRP (figure 2C) differed between the groups 
(all p < 0.01).

ADRP expression did not discriminate DLB patients from 
other patient categories (AUC = 0.54). However, based on 
the DLBRP, we could accurately separate the DLB and ADD 
groups (AUC = 0.83) with good sensitivity (75%) and specificity 
(80%). PDRP, by contrast, showed superior discrimination (AUC 
= 0.93) and sensitivity (90%) with identical specificity (80%) 
using a general (online supplemental table 3A) or dataset-specific 
optimal threshold (online supplemental table 3B).

Figure 1  Dementia with Lewy bodies-related pattern (DLBRP) expression across sites and correlations with motor and cognitive impairment. 
(A) Expression of DLBRP in patients with DLB and normal controls (NCs). Data are Z-transformed (see Methods). Means and SDs are presented to the right 
of individual data points. Identification—patients and NCs used to derive DLBRP19; and correlation between DLBRP and (B) Unified Parkinson’s Disease 
Rating Scale-Part III (UPDRS-III) and (C) Mini–Mental State Examination (MMSE). Partial correlation coefficients adjusted for age and sex are shown. Internal 
Validation—patients and NCs from Ljubljana; External single-centre testing—patients and NCs from Seoul; External multicentre testing—patients and NCs 
from the European DLB consortium, Freiburg, Milan, Alzheimer’s disease Neuroimaging Initiative and Associazione Italiana Medicina Nucleare database. 
***p < 0.001. MCI-LB, mild cognitive impairment with LB.

Table 2  Performance metrics with 95% CIs for discrimination between patients with dementia with Lewy bodies (DLB) from normal controls (NCs) 
based on DLB-related pattern expression scores

Group

DLB vs NC, Z = 1.43

First internal validation Second internal validation External single-centre testing External multicentre testing

AUC 0.99 (0.96–1.00) 1.00 (0.99–1.00) 0.94 (0.79–1.00) 0.97 (0.96–0.98)

Sensitivity 0.93 (0.86–0.99) 1.00 (1.00–1.00) 0.89 (0.67–1.00) 0.93 (0.90–0.96)

Specificity 1.00 (1.00–1.00) 0.94 (0.85–1.00) 0.94 (0.80–1.00) 0.90 (0.86–0.93)

AUC, area under the curve.
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Metabolic brain networks in patients with MCI
The MCI groups were younger (all p < 0.002), had lower 
MMSE scores (all p < 0.001) and were predominantly male (p 
= 0.04) compared with the NCs. MMSE scores were lower in 
the MCI-AD-S+ (p = 0.028) and MCI-LB (p = 0.01) groups 
than in the MCI-AD-S– group.

The covariate-adjusted mean DLBRP expression was signifi-
cantly different (all p < 0.01) between all comparison pairs, 
except between MCI-AD-S– and NCs (figure 2A). The covariate-
adjusted mean ADRP expression was significantly higher in the 
MCI-AD group than in the NCs and MCI-LB groups (all p < 
0.01, figure 2B). The other comparison pairs were not significant 

Figure 2  Visualisation of metabolic brain patterns and their expression in patients with prodromal and manifest dementia with Lewy bodies (DLB) and Alzheimer 
disease dementia (ADD). The visualisation (left) and expression (right) of (A) DLB-related pattern (DLBRP), (B) AD-related pattern (ADRP) and (C) Parkinson disease-
related pattern ( PDRP) in patients with DLB, ADD, mild cognitive impairment (MCI) and normal controls (NCs). Data are Z-transformed (see Methods). Means and SDs 
are presented to the right of individual data points. Post hoc comparisons after adjustment for age, sex and confounding pattern expression levels (ie, DLBRP or ADRP) 
are shown. *p < 0.05, **p < 0.01, ***p < 0.001, ns., non-significant. AD, Alzheimer disease; DLB, dementia with Lewy bodies; MCI-AD-S–, MCI due to AD without 
α-synuclein co-pathology; MCI-AD-S+, MCI due to AD with α-synuclein co-pathology; MCI-LB, mild cognitive impairment with Lewy bodies.
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(both p > 0.90). The covariate-adjusted mean PDRP expression 
was significantly different (all p < 0.001) between all compar-
ison pairs, except between MCI-AD-S– and NCs (figure  2C). 
Within-group network differences are reported in the online 
supplemental material.

DISCUSSION
In this study, we investigated brain metabolic-network biomarkers 
in a large-scale multicentre cohort of patients with prodromal 
and manifest DLB and compared them with their AD counter-
parts and NC subjects with an aim to accelerate the translation 
of DLBRP into clinical practice to overcome the unmet diag-
nostic and treatment needs in DLB. We showed that DLBRP 
is uniformly expressed in patients with DLB across different 
centres and that DLBRP expression correlates with patients’ 
clinical status. Patients with worse motor and cognitive perfor-
mances exhibited higher DLBRP expression. Furthermore, we 
observed an abnormal elevation of DLBRP in prodromal DLB 
(ie, MCI-LB). In a small longitudinal dataset, we observed steady 
longitudinal increases in DLBRP expression (online supple-
mental material). Lastly, a comparison between patients with 
DLB and ADD and between patients with MCI-LB and MCI-AD 
showed that DLBRP and PDRP can accurately distinguish these 
patients, who often present with similar clinical presentations.

We proved that the DLBRP identified in one centre can be reli-
ably applied to the imaging data acquired across different centres 
and scanners, thus showing its high potential as a metabolic 
imaging biomarker of DLB.36 Indeed, the optimal threshold, 
derived from the internal validation group (Z = 1.43), showed 
high specificity (>90%), sensitivity (>89%) and AUCs (>0.94) 
for the discrimination between DLB and NCs in all analysed 
groups. Whereas current diagnostic guidelines rely purely on the 
visual assessment of FDG PET scans,1 DLBRP is a quantifiable 
biomarker that can improve metabolic brain imaging perfor-
mance. We also showed that DLBRP scores correlated with 
MMSE (r = −0.31) and UPDRS-III (r = 0.24) scores at a group 
level. Previous studies reported correlations between DLBRP 
and MMSE in the range of –0.26 and –0.47, although in smaller 
samples (n = 50–67) compared with ours (n = 335).19 37–39 
Moreover, a multivariate analysis showed a significant and 
independent, although smaller, role of ADRP as an MMSE 
predictor, highlighting the dual pathology, that is, LB and AD, in 
DLB. A previous study, however, did not observe a correlation 
between DLBRP and UPDRS-III.38 This divergent finding may 
be attributed to differences in sample sizes, biomarker plateauing 
or specific cohort characteristics, as the latter cohort was more 
advanced with higher UPDRS-III scores.38

To capture a broader spectrum of the disease, we included 
prodromal cases in this study. In MCI-LB, we observed elevated 
DLBRP and PDRP, but normal ADRP scores. While in mani-
fest DLB cases, increased ADRP levels have been consistently 
reported,19 40 and ADRP contributes to cognitive decline, as seen 
from our analyses, this is not yet the case in MCI-LB. Here, the 
DLBRP and PDRP dominate. This is concordant with a regional 
metabolic analysis that showed more severe metabolic deficits in 
parietal and occipital regions in MCI patients who progressed 
to DLB, compared with those who progressed to ADD and had 
more substantial involvement of the medial temporal lobes and 
posterior-mid cingulate cortex.41 Similar regional metabolic 
changes were reported in MCI-RBD patients.42 Both DLBRP and 
PDRP are characterised by substantial posterior hypometabo-
lism. In our sample, in which the vast majority (89%) of MCI-LB 
patients had Parkinsonism, PDRP levels were even higher than 

those of DLBRP. Metabolic network activity in MCI-LB patients 
without Parkinsonism and in those with delirium or psychiatric 
onset remains to be studied. Suprathreshold DLBRP expression 
was observed before the appearance of dementia in the longi-
tudinal part of the study (see online supplemental material and 
figure 2). Here, we showed uniform increases in DLBRP levels 
for all patients, highlighting the progressive nature of network 
expression, which shows its potential to be used as a biomarker 
of disease progression. While PDRP scores have been shown 
to increase over time in patients who convert from RBD to 
PD,43 this has not yet been shown for RBD to DLB converters. 
Although occipital hypometabolism has been noted in RBD cases 
before.44 To summarise, we believe that these findings strengthen 
the rationale of employing the FDG PET-based biomarkers as a 
surrogate marker in clinical trials of not only manifest but also 
prodromal DLB.45

In patients with MCI-AD, we observed substantially elevated 
subject scores of DLBRP and PDRP only in the presence of 
α-synuclein pathology (S+). Interestingly, ADRP scores were 
elevated to a similar degree in MCI-AD, regardless of the S status. 
It was shown before that α-synuclein co-pathology exacerbates 
cognitive decline in MCI-AD patients and contributes to a more 
prominent posterior hypometabolism.8 A direct longitudinal 
comparison between MCI-LB and MCI-AD groups remains to 
be studied.

Finally, to study the differential diagnostic value of DLBRP 
and other metabolic brain networks, we compared patients 
with prodromal and manifest DLB with their AD counterparts. 
DLBRP (AUC=0.84) and PDRP (AUC = 0.94) enable accurate 
discrimination between DLB and ADD, with superior sensitivity 
for PDRP (74% vs 91%) and the same specificity (80%). The 
majority of our DLB patients had Parkinsonism, which may 
drive the superior discriminative PDRP performance, whereas 
DLBRP may be particularly informative when Parkinsonism is 
absent or mild.46 In clinical practice, a single FDG PET scan can 
be used to assess the presence of several disease-related networks 
simultaneously, that is, the calculation of DLBRP, PDRP and 
ADRP expressions is easily performed for each patient.15 Indeed, 
classification algorithms that are based on several disease-related 
networks have been shown to improve diagnostic accuracy in 
neurodegenerative dementias13 and Parkinsonian disorders.15 47 
These are being extended to include DLBRP.

ADD patients exhibit elevated levels of DLBRP, and DLB 
patients exhibit elevated levels of ADRP, explained largely by 
the spatial overlap between the patterns and the neuropatho-
logical overlap between AD and DLB.19 While there is a spatial 
overlap between ADRP and PDRP with non-specific eleva-
tions in PD and ADD patients, respectively, this is compar-
atively smaller.16 19 PDRP likely reflects neurodegeneration 
predominantly caused by the LB pathology, whereas DLBRP 
may represent the manifestation of both LB and AD patholo-
gies. Topographically, DLBRP comprises occipital and poste-
rior temporoparietal hypometabolism that extends into the 
middle and inferior temporal gyri, overlapping with ADRP. By 
contrast, relative increases in the basal ganglia are character-
istic of both DLBRP and PDRP. The topographic differences 
are in line with pathological studies that show the distinction 
between DLB and PDD, supporting the need for a specific 
DLB imaging biomarker.48 Similarly, pathological studies show 
a more common AD co-pathology in DLB compared with the 
presence of LB co-pathology in ADD49; however, AD pathology 
is less pronounced in DLB than in ADD.50 Only MCI-AD-S+ 
individuals had substantially elevated subject scores of DLBRP 
and PDRP. As expected, the ADRP scores were elevated to a 
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similar degree in all patients with MCI-AD, regardless of their 
α-synuclein status.

Because NCs were younger than the patient groups, analyses 
were age-adjusted. DLBRP scores correlated weakly with age in 
NCs (r = 0.12, p = 0.03) and negatively in AD (r = –0.36, p 
= 0.01), but not in DLB (r = –0.04, p = 0.47). Normal ageing 
is accompanied by metabolic changes, notably in the anterior 
cingulate cortex, posterior cingulate cortex and lateral parietal 
cortex.51 The weak NC association likely reflects age-related 
metabolic decline in regions partly overlapping with the DLBRP 
topography, whereas in DLB, scores appear unaffected by age, 
consistent with disease-specific changes. In AD, the inverse asso-
ciation may reflect greater disease burden in younger patients, 
though this requires further study.

Limitations
The absence of concomitant α-synuclein and AD biomarkers in 
all cohorts and the lack of histopathological confirmation are the 
main limitations of this study, which may increase the heteroge-
neity of our sample. However, large cohorts reduce the possible 
effect of misdiagnosis on the conclusions. Second, the patients 
were scanned with different scanners, without a strict scanner 
harmonisation procedure in place; however, the scanner type was 
accounted for statistically. The retrospective nature and recruit-
ment sites (see online supplemental material) of the current 
study may have introduced a selection bias, as patients with DLB 
are more likely to undergo FDG PET imaging if the cognitive 
deficit is only accompanied by movement disorder symptoms.52 
This could partly explain the high prevalence of Parkinsonism in 
our cohort and may limit the generalisability of our findings, as 
Parkinsonism is less frequent in the broader DLB population.53 54 
Finally, local NC scans were not always available, which could 
reduce the reported diagnostic accuracy of DLBRP. We used data 
from two large cohorts for z-standardisation, instead of a small 
local NC cohort. Furthermore, pattern scores and performance 
are largely independent of the PET system55–57 or resolution.58

CONCLUSIONS
In conclusion, this extensive multicentre study demonstrated 
the effectiveness of DLBRP, a metabolic-network-based imaging 
biomarker, in diagnosing patients with both prodromal and 
manifest DLB across different sites, as well as in differentiating 
them from their AD counterparts. The observed longitudinal 
increases in DLBRP scores, along with their correlations with 
cognitive and motor impairments, indicate the additional value 
of this biomarker in monitoring disease progression. Moreover, 
DLBRP expression holds promise as a surrogate marker for 
disease-modifying treatments.
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