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Abstract
Sporadic Creutzfeldt-Jakob disease (sCJD) is a highly heterogeneous neurodegenerative disorder encompassing 
six major histopathological and molecular subtypes, showing diverse clinical features and prognosis. Currently, no 
accurate biomarkers are available for the antemortem differentiation and prognostication of sCJD subtypes. We 
retrospectively analyzed the cerebrospinal fluid (CSF) proteome from 126 sCJD patients belonging to the prevalent 
MM(V)1, VV2, and MV2K subtypes and 42 non-neurodegenerative controls (CTRL) using proximity extension assay 
technology, quantifying 797 unique proteins in each sample. Differential expression analysis, machine learning 
models, and Cox regression analyses were employed to uncover subtype-specific protein signatures and identify 
diagnostic and prognostic biomarkers. A workflow combining Weighted Gene Co-expression Network Analysis 
(WGCNA) and Hierarchical HotNet was used for the unsupervised discovery of novel dysregulated biological 
pathways. A subset of proteins, including HDGF, FOSB, PAG1, APEX1, CCDC80, WASF1, and GPC5, emerged as 
robust biomarkers for subtype classification (model receiver operating characteristics-area under the curve 0.93). 
WASF1, CCDC80, and GPC5 were among the most informative biomarkers distinguishing MM(V)1 from V2 strain-
related subtypes (VV2 and MV2K). Survival analysis identified ten proteins, most notably CCDC80 (HR 1.49, 95% 
CI 1.17–1.91, p = 0.001), as independent prognostic biomarkers in prion disease. WGCNA identified six modules of 
co-regulated proteins underlying distinct biological processes. Some, such as response to toxic substances, nervous 
system development, and chemotaxis, were altered across all subtypes compared to the CTRL group (all p < 0.01), 
while others showed subtype-specific dysregulation. Specifically, the intracellular signal transduction module was 
selectively altered in V2 strain-related subtypes, while the epithelium morphogenesis one was dysregulated in 
MM(V)1 (all p < 0.001). In conclusion, this study reveals distinct and shared CSF proteomic signatures across sCJD 
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Introduction
Sporadic Creutzfeldt-Jakob disease (sCJD), the most 
common human prion disease, is a highly heterogeneous 
neurodegenerative disorder related to prion protein (PrP) 
misfolding. The current sCJD classification recognises 
six main clinicopathological subtypes depending on the 
polymorphic codon 129 genotype (encoding methio-
nine, M or valine, V) of the prion protein gene (PRNP), 
the type (1 or 2) of misfolded PrP (PrPSc) accumulating 
in the brain, and distinctive histopathological charac-
teristics [43, 44]. Each sCJD subtype arises from a spe-
cific combination of codon 129 genotype and PrPSc type, 
with three key exceptions: (1) MM1 and MV1 are phe-
notypically identical and grouped as MM(V)1; (2) MM2 
includes two subtypes with distinct lesion profiles: MM2-
Cortical (MM2C) and MM2-Thalamic (MM2T); (3) MV2 
consists of two subtypes-MV2-Kuru (MV2K), marked by 
kuru plaques, and MV2C, resembling MM2C (together 
known as MM(V)2C subtype) [4, 43]. Approximately 
35% of patients, often with the MM-codon 129 genotype, 
exhibit a “mixed” phenotype, showing features of “pure” 
subtypes but dominated by the more prevalent PrPSc type 
[12, 45]. The histopathological diversity of sCJD sub-
types is recapitulated by the concept of “prion strains” 
(thought to be enciphered by different PrPSc conformers), 
i.e., human isolates that, when inoculated into syngenic 
hosts, produce diseases with varying characteristics, such 
as incubation periods and brain regional distribution of 
lesions [4, 70]. Transmission studies revealed five distinct 
prion strains among the six sCJD subtypes, with the VV2 
and MV2K sharing transmission properties and now col-
lectively referred to as the V2 strain [4, 9, 19]. In addi-
tion to molecular and neuropathological features, the 
six main subtypes of sCJD differ significantly in clinical 
presentation. MM(V)1, the most common (65% of cases), 
presents as a multisystemic neurological syndrome with 
an average disease duration of 4 months. VV2 (15–20%) 
is characterised by cerebellar and subcortical impair-
ment, lasting approximately 6 months. MV2K (10–15%) 
is marked by subcortical involvement with a longer aver-
age duration of 17 months. The remaining three subtypes 
are much rarer (about 5% collectively). They are char-
acterised by prominent cortical symptoms (MM(V)2 C 
and VV1) or show a peculiar clinical phenotype known 
as sporadic fatal insomnia (MM2T) [70]. Despite the 
growing clinical need to distinguish sCJD subtypes ante 
mortem for prognostic and epidemiological purposes, a 
precise subtype-specific diagnosis is currently possible 

only at autopsy due to the partial overlap of clinical char-
acteristics. Although brain magnetic resonance imag-
ing (MRI) and cerebrospinal fluid (CSF) markers such as 
total tau (t-tau), 14-3-3, and neurofilament light assays 
have some predictive value, the accuracy of in vivo diag-
nosis of clinicopathological subtypes of sCJD remains 
suboptimal [10, 21, 25]. Furthermore, the development of 
targeted therapies depends on a deeper understanding of 
the molecular mechanisms and biological pathways that 
drive the heterogeneity of sCJD [69]. Since CSF reflects 
biochemical alterations in the brain, it is increasingly 
used in proteomic studies to identify molecular signa-
tures of neurodegenerative disorders [17]. Moreover, this 
approach holds promise for identifying novel biomarkers 
for diagnosis, prognosis, and potential therapeutic targets 
[14, 15, 22]. In this study, we employed high-throughput 
proteomics with the proximity extension assay (PEA) 
technology [2] to analyse CSF samples from a large, well-
characterised cohort of sCJD patients representing the 
three most common disease subtypes. Our comprehen-
sive approach aimed to address three critical challenges 
in sCJD research and clinical practice: (i) identifying 
biomarkers to differentiate sCJD subtypes, (ii) identify-
ing prognostic biomarkers for disease monitoring, (iii) 
understanding the molecular basis of disease heterogene-
ity through the identification of subtype-specific protein 
signatures.

Materials and methods
Patient selection
The study cohort comprised 168 CSF samples from 126 
patients with sCJD and 42 non-neurodegenerative con-
trols (CTRL). sCJD samples were submitted from 2000 
to 2024 to the Neuropathology Laboratory (NP-Lab) 
of the Institute of Neurological Sciences of Bologna, a 
major referral center for prion disease in Italy. CTRL 
samples were recruited at the NP-Lab (n = 18) and the 
University Hospital of Tuebingen biobank (n = 24). The 
sCJD group included 57 patients with a neuropathologi-
cal diagnosis and 69 with a clinical diagnosis of probable 
sCJD according to the current criteria [25, 43], who were 
all positive by CSF prion Real-Time Quaking-Induced 
Conversion seeding amplification assay (RT-QuIC) [31]. 
sCJD cases with a definite (i.e., neuropathological) diag-
nosis were classified into subtypes according to Parchi 
et al. [43]. Among these, 11 patients showing a mixed 
subtype, i.e., MM1 + 2 C (n = 10) and MV2K + 2 C (n 
= 1), were classified based on the dominant histotype 

subtypes, identifying novel diagnostic and prognostic biomarkers and dysregulated molecular pathways. These 
findings enhance our understanding of prion disease heterogeneity and suggest new pathogenic mechanisms.
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according to published criteria [45]. For the biomarker 
analysis by molecular subtype, we merged the patients 
with definite sCJD with those with a probable diagnosis 
and a high level of certainty for a given subtype, as previ-
ously described [7]. Further details regarding the classifi-
cation of patients with probable sCJD are reported in the 
Supplementary methods (see Additional file 1). Overall, 
the cohort included 42 MM(V)1, 42 VV2, and 42 MV2K. 
The presence of significant Alzheimer’s disease (AD) and 
Lewy body disease (LBD) co-pathologies was ruled out 
through immunohistochemistry for amyloid beta (Aβ), 
tau, and α-synuclein (αSyn) [40] for patients with avail-
able brain tissue, and through a negative CSF biomarker 
profile (Aβ42/Aβ40 ratio, phospho-tau181, and αSyn RT-
QuIC) for the others [3, 8]. The CTRL group included 
individuals with no clinical evidence of neurodegen-
erative disorders, in addition to a negative AD CSF bio-
marker profile and αSyn RT-QuIC assay [3, 8].

CSF biomarker analyses
CSF samples were obtained in the morning by lumbar 
puncture (LP) at the L3/L4 or L4/L5 intervertebral level, 
centrifuged in case of blood contamination, divided 
into aliquots, and stored in polypropylene tubes at – 80 
°C until analysis. For the AD core biomarker measure-
ments, t-tau, p-tau, Aβ42, and Aβ40 were measured by 
automated chemiluminescent enzyme immunoassay on 
the Lumipulse G600II platform (Fujirebio, Gent, Bel-
gium). Pathological values for defining the A/T status 
were determined using validated in-house cut-off values 
(Aβ42/Aβ40 ratio < 0.68 and a p-tau181 >62 pg/mL) [3]. 
CSF αSyn RT-QuIC was performed in all participants 
without a neuropathological diagnosis, as reported [8]. In 
all sCJD patients, we performed second-generation CSF 
prion RT-QuIC, as described [31].

CSF proteome profiling
The PEA technology was used to quantify 828 proteins 
in each CSF sample using nine validated multiplex anti-
body-based protein panels (Cardiovascular II, Cell Regu-
lation, Immune Response, Inflammation, Metabolism, 
Neuro Exploratory, Neurology, Oncology II, and Organ 
Damage; Olink Proteomics, Uppsala, Sweden). Further 
details regarding panel characteristics and validation data 
are available on the manufacturer’s webpage [42]. Each 
panel assays 92 unique proteins (the full list is provided in 
Additional file 2); however, 27 proteins were measured in 
several panels (replicates), resulting in a total of 797 dis-
tinct proteins measured per sample. All proteomic mea-
surements were performed at the NP-Lab by personnel 
blinded to clinical diagnosis. Briefly, samples were ran-
domised across plates (two per panel) containing appro-
priate intra- and inter-plate quality controls. Each plate 
included 8 bridging samples (two per diagnostic group), 

which were used to normalise across plates to adjust for 
potential batch effects, using the R package Olink Ana-
lyze version 4.2.0 [41]. Missing values in the dataset were 
imputed using the k-nearest neighbours (KNN) method 
(k = 3) from the scikit-learn Python library [46]. In cases 
where a protein was measured in more than one panel, 
only one of the replicates was kept for further statistical 
analysis.

Statistical analyses requirements
Statistical analyses were performed using Python 3.12.2 
and R 4.4.0 with the following packages: scikit-learn 
(1.4.2) [46], NumPy (1.26.4) [24], Pandas (2.2.3) [59], 
SciPy (1.13.1) [63], SHAP (0.46.0) [37, 38], lifelines 
(0.30.0) [16], Matplotlib (3.9.2) [27], Seaborn (0.13.2) 
[64], NetworkX (3.2.1) [23], scikit-posthocs (0.11.2) [54], 
statsmodels (0.14.2) [50], UMAP-learn (0.5.6) [39], Plotly 
(5.22.0) [47], WGCNA (1.73) [30], dplyr (1.1.4) [67], 
ggplot2 (3.5.2) [66], tidyr (1.3.1) [68], and ropls (1.26.4) 
[61].

Descriptive statistics
The normality of continuous variables was assessed using 
Shapiro-Wilk and Kolmogorov-Smirnov tests. Normally 
distributed variables were compared using t-test or one-
way ANOVA, while non-normally distributed continuous 
variables were analysed using the Mann–Whitney U or 
Kruskal-Wallis test, depending on the number of groups. 
Categorical variables were compared using chi-square 
tests when expected frequencies were sufficient (≥ 5 in at 
least 80% of the contingency table cells) or Fisher’s exact 
test when they were not. Post-hoc tests were performed 
when the analyses involved > 2 groups. Spearman’s rank 
correlation coefficients were computed to determine sig-
nificant associations between individual protein levels 
and clinical variables (i.e., timespan LP-death, disease 
stage). For all analyses, p < 0.05 was considered statisti-
cally significant.

Uniform manifold approximation and projection
Protein expression data were visualised using Uniform 
Manifold Approximation and Projection (UMAP) for 
dimensionality reduction (umap-learn) [39]. UMAP 
parameters were set to n_neighbors = 15, min_dist = 0.1, 
and n_components = 2.

Differential expression analyses
To identify protein biomarkers distinguishing between 
clinical subtypes, we performed differential expression 
analysis (DEA) using nested generalised linear mod-
els. For each protein, we compared a base model that 
included age and gender as covariates to a full model 
additionally including clinical group membership. Sig-
nificance was assessed using two-sided F-tests comparing 
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these nested models [14, 32]. P-values were adjusted for 
multiple testing using the Benjamini-Hochberg false dis-
covery rate (FDR) method, with a significance threshold 
set at q ≤ 0.05. For each pairwise comparison between 
clinical groups, we calculated log2 fold changes (log2FC) 
to quantify the magnitude and direction of protein level 
changes. Beta coefficients from the full models were also 
recorded to provide effect size estimates, controlling 
for covariates. Volcano plots were generated to visual-
ise the relationship between statistical significance and 
effect size. The overlap between differentially expressed 
proteins (DEPs) across subtypes was plotted using Venn 
diagrams. Proteins showing significant differences across 
all clinical group pairwise comparisons were further ana-
lysed using trajectory plots to examine their expression 
patterns across groups.

Hierarchical clustering
Hierarchical clustering was performed to analyse pro-
tein expression patterns across sCJD subtypes. Specifi-
cally, we selected only the top 50 DEPs ranked by lowest 
q-value (FDR-corrected p-value) for pairwise comparison 
(MM(V)1 vs. VV2, MM(V)1 vs. MV2K, VV2 vs. MV2K). 
Protein expression values were normalized to the total 
protein expression per sample by dividing each protein 
measurement by the sum of all protein measurements 
within that sample. Subsequently, z-score normalization 
was applied across each protein feature. Spearman cor-
relation matrices were computed for both proteins and 
samples, followed by distance transformation (1 - corre-
lation). Hierarchical clustering was conducted using the 
average linkage method on condensed distance matrices. 
The results were visualised through a heatmap.

Multi-class classification
Machine learning models were implemented in Python 
using scikit-learn library [46]. Proteomics data were 
used to train Random Forest (RF) multi-class classifica-
tion models (with default parameters, n_estimators = 
100) to distinguish CJD subtypes. Three RF classifiers 
were analysed: one trained on all available protein fea-
tures (individual protein measurements), another using 
a reduced set of protein features, and a third (baseline) 
model with shuffled labels as a negative control. For the 
reduced feature set, to prevent data leakage during the 
feature selection process within each individual cross-
validation fold, we first performed the train/test split. 
Then we conducted feature selection exclusively on the 
training set of that specific fold. Therefore, feature selec-
tion was performed five separate times, once for each 
training set. Specifically, feature selection was performed 
using ANOVA F-tests (SelectKBest with f_classif scor-
ing) to identify the top 50 most discriminative proteins 
within each fold. Model performance was assessed using 

5-fold stratified cross-validation, with performance met-
rics including accuracy, precision, recall, F1-score, and 
receiver operating characteristics-area under the curve 
(ROC-AUC). Due to the limited sample size, we opted 
for cross-validation rather than a single held-out test set 
to ensure robust performance estimation across all avail-
able data. For feature importance analysis, we imple-
mented SHapley Additive exPlanations (SHAP) analysis 
using TreeExplainer, which quantifies the contribution of 
each protein marker to individual predictions and reveals 
complex interaction patterns. SHAP values were aggre-
gated across all folds to generate a comprehensive view of 
feature importance both globally and at the class level. A 
confusion matrix was used to display the averaged classi-
fication results across all folds, with the results expressed 
as percentages.

Decision tree classifier
To create a more clinically applicable and explainable 
diagnostic model, we trained a simplified, fully inter-
pretable decision tree classifier. Unlike our previous RF 
models, this approach prioritizes transparency and ease 
of use in clinical settings. We constrained the tree com-
plexity (max depth = 4, min samples per leaf = 5) to pre-
vent overfitting and ensure interpretability. The model 
incorporated only the top 10 protein biomarkers previ-
ously identified as most important in our multi-class 
classification analysis, significantly reducing the num-
ber of measurements needed for classification. To assess 
model performance, we implemented 5-fold stratified 
cross-validation, allowing comparison with the RF clas-
sifier. A confusion matrix was generated to illustrate clas-
sification accuracy across subtypes. Following validation, 
we retrained the model on the entire dataset to maximize 
the use of available data for the final clinical decision tool. 
This final model represents the decision rules that would 
be implemented in practice, utilizing all available training 
data. Gini feature importance scores were calculated to 
understand each biomarker’s relative contribution to the 
classification decisions. The trained tree structure was 
visualized for readability.

One-versus-rest classification
To identify subtype-specific protein signatures, we 
employed a binary classification approach using RF 
models. For each disease subtype, we performed a one-
versus-rest classification, where samples from the target 
subtype were compared against all other subtypes com-
bined. To address the class imbalance inherent in this 
approach (42 samples of target subtype versus 84 samples 
from other subtypes), we implemented class weighting in 
our RF classifier. Feature selection and model validation 
were performed using a 5-fold stratified cross-validation 
framework to ensure robust and unbiased results. In each 
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fold, we selected the top 50 features using ANOVA F-test 
based solely on the training data to prevent data leakage. 
We assessed feature stability across folds, considering 
features that appeared in at least 60% of the folds (3 out 
of 5) as stable markers for each subtype. The RF classi-
fier was constructed with 200 trees and class weights 
inversely proportional to class frequencies. Model per-
formance was evaluated using multiple metrics including 
accuracy, balanced accuracy, precision, recall, F1-score, 
and ROC-AUC. To interpret the biological significance of 
the models, we analysed feature importance using SHAP 
values.

Orthogonal Partial Least Squares–Discriminant Analysis
To provide complementary insights to our RF/SHAP 
value-based multi-class classification approach, we per-
formed Orthogonal Partial Least Squares–Discrimi-
nant analysis (OPLS-DA) as implemented in the ropls R 
package [61]. Specifically, for each pairwise comparison 
between subtypes (i.e., MM(V)1 vs. VV2, VV2 vs. MV2K, 
and MM(V)1 vs. MV2K), OPLS-DA models were fit-
ted using leave-one-out cross-validation to assess model 
robustness. Variable Importance in Projection (VIP) 
scores were extracted and ranked to identify the top dis-
criminating proteins. The top 10 proteins were visualized 
using bar plots.

Survival analyses
Time-to-event was defined as the duration from LP to 
death or akinetic mutism, measured in months. The lat-
ter was used in place of time to death exclusively when 
the revision of medical charts indicated the adoption of 
life-extending treatments (e.g., enteral/parenteral nutri-
tion, tracheostomy), as reported [7]. Four patients were 
excluded from the survival analyses due to the lack of 
information on disease duration. Furthermore, the dis-
ease stage was calculated as the ratio between the time 
from disease onset to LP and the overall survival (times-
pan onset-death) [7]. The biomarkers’ prognostic per-
formance was assessed using Cox proportional hazard 
models, with each biomarker alone (univariate analysis) 
or by including as covariates other known prognostic 
factors in prion disease (i.e., codon 129 genotype, age 
at sampling, and time from onset to sample collection) 
(multivariate analysis), as reported [7]. Survival analy-
sis results are presented as hazard ratios (HRs) and 95% 
confidence intervals (CI). The assumption of propor-
tional hazard was assessed by Schoenfeld residuals. All 
patients in the analysis had complete follow-up data with 
no censoring. The protein expression data were analysed 
in their original scale without transformation. Statistical 
significance was set at p < 0.05, and all reported p-values 
are two-sided. The Kaplan–Meier estimate was used to 

calculate the cumulative time-dependent probability of 
death.

Weighted Gene Co-expression Network Analysis (WGCNA)
We used the WGCNA R package [30] to identify protein 
co-expression modules based on scaled protein abun-
dance levels. An optimal soft-thresholding power was 
determined using scale-free topology criteria. A topo-
logical overlap matrix was constructed, and blockwise 
module detection was performed with hierarchical clus-
tering and the dynamic tree cut method, which adap-
tively determines module boundaries in the hierarchical 
clustering tree. Each module was assigned a colour, and 
functional enrichment analysis was performed on each 
module.

DEA was performed to assess log2FC in protein abun-
dance across disease subtypes compared to controls. 
Mean log2FC was computed for each protein within 
each subtype, and proteins were mapped to co-expres-
sion modules. Module-level summaries were generated 
by averaging log2FC values per module and diagnostic 
group. One-sample t-tests were conducted to determine 
whether module-level log2FCs significantly deviated 
from zero. P-values were adjusted using the FDR method.

Hierarchical HotNet
As most modules comprised >50 proteins, Hierarchical 
HotNet was used to identify the most significantly dys-
regulated proteins in each module, as reported [11, 49]. 
Specifically, we used correlations between protein abun-
dance levels within each module as edges and the p-val-
ues of the DEA between sCJD and CTRL as scores in the 
network. Subnetworks were visualized in Python using 
the library NetworkX [23].

Functional enrichment analysis
Functional enrichment was performed using Metascape, 
selecting Gene Ontology Biological Processes as ontology 
source [71]. To control for potential bias in our protein 
panel selection, we used a custom background set com-
prising all proteins included in our measurement panel 
instead of the default genome-wide background. Terms 
with a p-value < 0.01, a minimum count of 3, and an 
enrichment factor >1.5 are collected and grouped into 
clusters based on their membership similarities. More 
specifically, p-values are calculated based on the cumu-
lative hypergeometric distribution, and q-values are cal-
culated using the Benjamini-Hochberg procedure to 
account for multiple testing. Kappa scores are used as the 
similarity metric when performing hierarchical cluster-
ing on the enriched terms, and sub-trees with a similarity 
of >0.3 are considered a cluster. The most statistically sig-
nificant term (lowest p-value) within a cluster is chosen 
to represent the cluster.
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Results
Demographic characteristics
The study included 168 participants, i.e., 126 sCJD 
patients (42 each of MM(V)1, VV2, and MV2K sub-
types) and 42 controls. The groups were matched for 
age (mean range: 64.4–67.6 years, p = 0.295), sex distri-
bution (female proportion range: 38.1–54.8%, p = 0.372), 
and disease stage (median range 0.5–0.6, p = 0.230). Time 
from onset to death was longest in MV2K (median 15.0 
months), intermediate in VV2 (5.5 months), and short-
est in MM(V)1 (2.8 months) (p < 0.001). Further details 
on the participants’ demographic, clinical, and diagnos-
tic data for the four cohorts are reported in Table 1 and 
Additional file 3.

Distinct proteomic profiles across sCJD subtypes
To investigate potential proteomic differences among 
diagnostic groups, we performed a UMAP analysis of 
proteomic data. We identified clear clustering patterns 
distinguishing between sCJD cases and controls and 
among sCJD subtypes (Fig.  1A). Specifically, the con-
trol samples formed a distinct cluster, while the sCJD 
subtypes showed partially overlapping but distinguish-
able patterns, suggesting subtype-specific molecular 
signatures.

When performing the DEA, we found 201 DEPs 
between sCJD and CTRL (146 up- and 55 downregulated) 
(Fig.  1B). The five most upregulated biomarkers were 
involved in microtubule assembly and stability (MAPT, 
β = 4.58), neurofilament components (NEFL, β = 3.54), 
cell signalling (CRKL, β = 2.72), and glucose metabolism 
(ENO2, β = 1.47; and RBKS, β = 1.67). When stratifying 
the analysis by clinicopathological subtype, we found 
164 DEPs for MM(V)1, 185 for VV2, and 110 for MV2K, 
compared to CTRL. Specifically, we identified 20 pro-
teins selectively changed in MM(V)1, 38 in VV2, and 13 

in MV2K (Additional file 1-Supplementary Fig. 1A-D). In 
addition, we explored DEPs between the sCJD subtypes. 
We found 71 biomarkers differentially expressed between 
MM(V)1 and MV2K, 103 between VV2 and MV2K, and 
49 between MM(V)1 and VV2 (Fig.  1C). Notably, only 
20 biomarkers were significantly differentially expressed 
in all pairwise comparisons. All were up-regulated com-
pared to CTRL, showed higher values in VV2, and a 
smaller increase in MM(V)1 and MV2K (Additional file 
1-Supplementary Fig.  1E-F). All differential expression 
analysis results are shown in Additional file 4.

The hierarchical clustering analysis of protein expres-
sion data revealed distinct patterns across sCJD subtypes 
(Fig.  2). Notably, MV2K and VV2 cases formed well-
defined, distinct clusters, while MM(V)1 cases showed a 
more heterogeneous clustering pattern.

Machine learning identifies potential biomarkers for sCJD 
subtype differentiation
We trained three RF classification models to identify pro-
tein biomarkers that could distinguish sCJD subtypes. 
The RF model using a selected set of protein features 
demonstrated superior performance across all metrics 
compared to the complete feature set and random base-
line models (Fig.  3A). This optimised model achieved 
high ROC-AUC values (0.93) and maintained consistent 
performance across other metrics. A detailed analysis 
of the model classification performance revealed high 
accuracy in distinguishing between subtypes (Fig.  3B). 
The confusion matrix demonstrated misclassification 
primarily in MM(V)1 cases. SHAP analysis identified 
the top 20 proteins contributing to subtype classification 
(Fig.  3C). Among these, almost all proteins (including 
top markers such as HDGF, FOSB, PAG1, and APEX1) 
showed higher levels in VV2, intermediate in MM(V)1, 
and low in MV2K. Notable exceptions include GPC5 and 
CCDC80, which exhibited higher levels in V2-strain-
related subtypes (VV2 and MV2K) compared to 
MM(V)1, and WASF1, which showed an opposite trend, 
i.e., lower levels in V2-strain-related subtypes compared 
to MM(V)1 (Fig.  3D and Additional file 1-Supplemen-
tary Fig.  2). All proteins except three (NEFL, CCDC80, 
and GPC5) showed a significant negative correlation with 
the timespan LP-death across the entire sCJD cohort 
(Additional file 5-Supplementary Table 4). Moreover, no 
significant associations between protein levels and dis-
ease stage were observed in any sCJD clinicopathologi-
cal subtype (Additional file 6-Supplementary Table 5). 
When performing UMAP analysis on the top 20 protein 
classifiers, all three sCJD subtypes showed clear cluster-
ing patterns (Additional file 1-Supplementary Fig.  3A). 
OPLS-DA results were highly consistent with the RF for 
multiclass classification. Specifically, the top 10 proteins 
with the highest VIP scores in the pairwise comparisons 

Table 1  Demographic characteristics
MM(V)1 
(n = 42)

VV2 
(n = 42)

MV2K 
(n = 42)

CTRL 
(n = 42)

p-
value

Female, n/N 
(%)

18/42 
(42.9)

16/42 
(38.1)

22/42 
(52.4)

23/42 
(54.8)

0.372

Age at LP 66.3 ± 8.5 66.4 ± 8.6 67.6 ± 6.2 64.4 ± 7.7 0.295
Time onset-LP 1.1 

(1.0–2.0)
3.0 
(2.5-4.0)

8.0 
(3.6–11.8)

N/A < 0.001

Time LP-death 1.2 
(0.9-2.0)

2.0 
(1.0-3.1)

6.0 
(3.5–11.0)

N/A < 0.001

Time 
onset-death

2.8 
(2.0-3.5)

5.5 
(5.0–7.0)

15.0 
(12.0–
17.0)

N/A < 0.001

Disease stage 0.5 
(0.4–0.7)

0.6 
(0.4–0.8)

0.5 
(0.3–0.7)

N/A 0.230

Age at LP is expressed as mean (standard deviation) in years. The timespans 
between onset, LP, and death are reported as median (interquartile range) in 
months, and the disease stage as median (interquartile range). Abbreviations: 
CTRL, healthy controls; LP, lumbar puncture; N/A, not applicable
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(MM(V)1 vs. VV2, MM(V)1 vs. MV2K, and VV2 vs. 
MV2K) were included among the top 20 proteins con-
tributing to subtype classification in 90%, 90%, and 70% 
of cases, respectively (see Additional file 1-Supplemen-
tary Fig.  4). Further details on the biological functions, 
subcellular localization, and patterns of cellular and tis-
sue-specific expression of the top 20 protein classifiers 
are provided in Additional file 7.

Next, to propose an interpretable and scalable model 
based on a reduced set of biomarkers that could classify 

sCJD subtypes, we trained a Decision Tree classifier, 
including the top ten proteins contributing to subtype 
classification. Among these, PAG1, FOSB, GPC5, MAPT, 
METAP1D, and WASF1 emerged as the most critical 
protein markers for sCJD subtype classification. This 
model, although underperforming in classifying VV2, 
correctly classified most of MM(V)1 and MV2K cases 
(Additional file 1-Supplementary Fig. 5A-C).

Fig. 1  Distinct proteomic profiles across sCJD subtypes. (A) UMAP projection of protein expression profiles showing distinct clustering patterns among 
sCJD subtypes and controls (CTRL, gray; MM(V)1, blue; MV2K, green; VV2, red). The distribution of samples in the UMAP space suggests subtype-specific 
protein expression signatures, with notable separation between controls and sCJD cases. (B) Volcano plot displaying DEPs between sCJD and control 
samples. Notable proteins with high significance and large positive log2FC include MAPT and NEFL at the top right, followed by CRKL, ENO2, and RBKS. 
(C) Volcano plot showing DEPs between sCJD subtypes. Abbreviations: CTRL, non-neurodegenerative controls; DEPs, differentially expressed proteins; 
sCJD, sporadic Creutzfeldt-Jakob disease; UMAP, Uniform Manifold Approximation and Projection
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Machine learning reveals biomarkers differentiating M1 
and V2 strain-related subtypes
We applied a one-versus-rest classification approach to 
identify specific molecular signatures and biomarkers for 
each subtype. The VV2 subtype was the easiest to clas-
sify with an accuracy of 0.89 (± 0.04) and ROC-AUC of 
0.92 (± 0.04), suggesting a highly distinctive protein pro-
file (Fig.  4A-B). The model identified 51 stable proteins 
that consistently distinguished VV2 from other sub-
types across cross-validation folds. The MV2K subtype 
demonstrated similar strong discrimination with an 
accuracy of 0.86 (± 0.02) and ROC-AUC of 0.89 (± 0.06), 
with 49 stable protein markers. In contrast, despite 
the high overall accuracy (0.83 ± 0.06) and ROC-AUC 
(0.93 ± 0.06), the MM(V)1 subtype exhibited lower recall 
(0.48 ± 0.15) compared to other subtypes, suggesting a 
greater difficulty in identifying MM(V)1 cases. Interest-
ingly, MM(V)1 was characterised by a more focused set 
of 40 stable protein markers. Of note, GPC5, CCDC80, 
WASF1, and, to a lesser extent, NEFL emerged as the 
most critical protein markers in differentiating MM(V)1 
and V2-strain-related subtypes.

Functional enrichment analyses on the identified pro-
tein profiles are shown in Fig.  4C. The MV2K showed 
significant enrichment in pathways related to the regu-
lation of membrane potential, peptidyl-amino acid 
modification, DNA metabolic process, generation of pre-
cursor metabolites and energy, and protein-RNA com-
plex assembly (all p < 0.001). Similarly, VV2 demonstrated 
enrichment in the regulation of membrane potential, 
chromosome organization, regulation of double-strand 
break repair, RNA splicing, and response to zinc ions 
(p < 0.001). The MM(V)1 subtype showed significant 
enrichment in axo-dendritic transport (p < 0.001).

Survival analysis
Next, we assessed whether the 20 top protein markers 
exhibited any prognostic value (Fig.  5A). In univariate 
Cox regression, 17 out of 20 were significantly associ-
ated with survival. However, when adjusting for factors 
known to predict prognosis in prion disease (i.e., age at 
LP, sex, codon 129 genotype, timespan between onset 
and LP), only 11 proteins correlated with survival, i.e., 
CCDC80, FOSB, APEX1, THOP1, FKBP4, ARHGEF12, 
PAG1, PRDX3, PPP3R1, MAPT, WASF1, with HR 

Fig. 2  Hierarchical clustering of the top 50 DEPs in inter-subtype pairwise comparisons. The samples are represented on the x-axis and coloured ac-
cording to the sCJD subtype (MM(V)1, yellow; VV2, purple; MV2K, green). Normalized protein abundance levels are plotted on the y-axis. Q-values of the 
differential expression in each pairwise comparison are indicated to the left of the figure. Shades of turquoise indicate statistically significant values in the 
DEA. Abbreviations: DEA, differential expression analysis; sCJD, sporadic Creutzfeldt-Jakob disease
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ranging 1.16–1.80 (all p < 0.05). Notably, when adjusting 
also for the clinicopathological subtype, 10 proteins were 
significantly associated with survival: CCDC80 (HR 1.49, 
95% CI 1.17–1.91, p = 0.001), PARP-1 (HR 1.32, 95% CI 
1.00-1.75, p = 0.049), FOSB (HR 1.27, 95% CI 1.02–1.58, 
p = 0.031), APEX1 (HR 1.16, 95% CI 1.02–1.32, p = 0.025), 
THOP1 (HR 1.20, 95% CI 1.01–1.44, p = 0.044), FKBP4 
(HR 1.27, 95% CI 1.04–1.56, p = 0.020), PAG1 (HR 1.17, 
95% CI 1.01–1.36, p = 0.032), PRDX3 (HR 1.75, 95% CI 
1.11–2.75, p = 0.016), MAPT (HR 1.21, 95% CI 1.06–1.38, 
p = 0.005), WASF1 (HR 1.26, 95% CI 1.01–1.59, p = 0.044). 
Survival curves for these 10 proteins are shown in Fig. 5B 
and Additional file 1-Supplementary Fig.  6. The UMAP 
plot of the top 20 protein markers confirmed that these 

proteins broadly capture both the clinicopathological 
subtype and the survival (Additional file 1-Supplemen-
tary Fig. 3B).

Network-based identification of dysregulated protein 
modules and molecular hubs in sCJD subtypes
Next, we used the WGCNA algorithm to identify func-
tional groups of co-regulated proteins. Unlike functional 
enrichment analysis, which relies on pre-annotated func-
tional gene sets and is thus biased toward known path-
ways, this method does not require prior annotations or 
sample labels, allowing the discovery of novel functional 
modules [11, 30, 49]. Specifically, we identified six mod-
ules named after their top functional annotation, which 

Fig. 3  Machine learning identifies potential biomarkers for sCJD subtype differentiation (A) Model performance was assessed using 5-fold stratified 
cross-validation, with performance metrics including accuracy, precision, recall, F1-score, and ROC-AUC. (B) A confusion matrix heatmap (RF selected fea-
tures model) displays the averaged classification results across all folds, with results expressed as percentages. (C) A class-specific heatmap derived from 
SHAP values (RF selected features model) for visualising the top 20 most important features across folds. (D) Differential levels of the ten most important 
proteins for differentiating CJD subtypes. Box plots with violin plots show the distribution of relative protein abundance for the biomarkers with the high-
est SHAP importance values. Statistical significance between groups is indicated by asterisks (* p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, ns: not significant) based 
on Mann-Whitney U tests. Abbreviations: RF, Random Forest; ROC-AUC, receiver operating characteristic-area under the curve; sCJD, sporadic Creutzfeldt-
Jakob disease; SHAP, SHapley Additive exPlanations
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were abbreviated for clarity (Fig. 6A). Module size was 
highly variable, ranging from 47 proteins (chemotaxis) to 
170 (nervous system development). Enrichment analysis 
was performed on the proteins included in each mod-
ule to identify the dysregulated biological processes (Fig. 
7). In terms of mean log2FC, the toxicity and chemo-
taxis modules were significantly upregulated across all 
three sCJD subtypes (toxicity: MM(V)1, p < 0.001; VV2, 
p < 0.001; MV2K, p < 0.001; chemotaxis: MM(V)1, p < 
0.001; VV2, p = 0.003; MV2K, p < 0.001) compared to 
the CTRL group, whereas the nervous system develop-
ment module was consistently downregulated (MM(V)1, 
p < 0.001; VV2, p < 0.001; MV2K, p < 0.001). Notably, 
the toxicity module exhibited the highest dysregulation 
in VV2, followed by an intermediate level in MM(V)1, 
and the least in MV2K. The toxicity module showed sig-
nificant enrichment in terms related to response to toxic 

substance, negative regulation of phosphorus metabolic 
process, pyridine nucleotide metabolic process, chromo-
some organization, DNA metabolic process, establish-
ment of organelle localization, response to metal ion, and 
chaperone-mediated protein folding (p < 0.001), while 
the chemotaxis one was related to positive regulation 
of positive chemotaxis and interleukin-6 production (p 
< 0.001). The nervous system development module was 
enriched in terms related to the regulation of nervous 
system development, neuron projection morphogenesis, 
synapse organization, regulation of growth, develop-
mental growth involved in morphogenesis, and cell-cell 
adhesion. Interestingly, the epithelium morphogenesis 
module showed selective upregulation in MM(V)1 (p 
< 0.001), while the intracellular signal transduction one 
was specifically upregulated in V2-strain-related sub-
types (VV2, p < 0.001; MV2K, p < 0.001). The epithelium 

Fig. 4  Feature analysis and protein interaction networks across CJD subtypes. (A) Dot plot showing top selected features (proteins) across subtypes, 
where dot size represents SHAP importance and color intensity indicates selection stability for different folds. (B) Model performance was assessed 
using 5-fold stratified cross-validation, with performance metrics including accuracy, precision, recall, F1-score, and ROC-AUC. (C) Gene Ontology bio-
logical process enrichment analysis for most important proteins in each sCJD subtype. Abbreviations: RF, Random Forest; ROC-AUC, receiver operating 
characteristic-area under the curve; sCJD, sporadic Creutzfeldt-Jakob disease; SHAP, SHapley Additive exPlanations
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morphogenesis module was mostly enriched in terms 
related to epithelium morphogenesis, angiogenesis regu-
lation, and brain-derived neurotrophic factor receptor 
signaling pathway (p < 0.001), while the intracellular sig-
nal transduction one was enriched in the negative regu-
lation of intracellular signal transduction processes (p < 
0.001). The remaining “N/A” module, which appeared to 
be selectively dysregulated in VV2 (p = 0.012), showed no 
significant enrichment in GO Biological Process.

Subnetwork analysis revealed the most highly and sig-
nificantly differentially abundant proteins associated with 

each module (Fig. 6B). Interestingly, the toxicity subnet-
work consisted of 19 proteins, all upregulated in sCJD 
compared to controls, among which some of them (i.e., 
MAPT, PAG1, APEX1, and WASF1) were identified as 
relevant biomarkers in previous analyses. Key molecular 
hubs in epithelium morphogenesis and intracellular sig-
nal transduction modules included CD48, ERBB2, ICO-
SLG, LYPD3, SEZ6L, TNFRSF4, TNFSF13, WFDC2, and 
WIF-1, and BANK1, BTC, MAEA, PRKRA, and SMAD1, 
respectively.

Fig. 5  Survival analysis results. (A) Forest plots showing the results of Cox regression analyses. All multivariate Cox regression analyses included sex, age 
at LP, time from onset to LP, and codon 129 genotype as covariates. In the third plot the sCJD clinicopathological subtype was also included as a covari-
ate. (B) Kaplan–Meier survival curves displaying time from sampling to death in the whole sCJD cohort as a function of biomarker levels. Time is shown 
in months from disease onset, and survival probability is shown on the y-axis. Biomarker concentrations are binned in tertiles. p-values were calculated 
using the log-rank test. All patients were deceased at the time of the analysis. Only the top 10 prognostic biomarkers are shown. Abbreviations: LP, lumbar 
puncture; sCJD, sporadic Creutzfeldt-Jakob disease
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Fig. 6  Network-based identification of dysregulated protein modules in sCJD subtypes. (A) Heatmap showing the mean log2FC protein abundance 
levels for each module. Red and blue indicate an upregulated or downregulated mean log2FC protein abundance level within the module compared to 
CTRL, respectively. Bold values indicate that the mean log2FC was significantly different from zero. The two bottom rows indicate the size of the modules 
and subnetworks. (B) Subnetworks of the most highly and significantly dysregulated proteins for each module. Red nodes indicate a positive log2FC, and 
blue nodes indicate a negative log2FC. The darkness of the borders is related to the p-value. The thickness of the lines connecting the nodes represents 
the weight of the edges. Both the log2FC and the p-value are referred to the DEA between the whole sCJD cohort and CTRL. Abbreviations: CTRL, non-
neurodegenerative controls; DEA, differential expression analysis; log2FC, log2 fold changes; sCJD, sporadic Creutzfeldt-Jakob disease
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Discussion
This study provides new evidence of distinct CSF pro-
teomic signatures across the most common sCJD clini-
copathological subtypes, translating this finding into 
the discovery of novel biomarkers for in vivo subtype 
differentiation and prognostication. As the study’s main 
result, we demonstrated that it is possible to differenti-
ate sCJD subtypes with high accuracy (AUC 0.93) based 
on a reduced set of proteins. Top biomarker candidates 
include proteins related to transcriptional regulation 
and DNA repair (e.g., FOSB, PSIP1, HEXIM1, PARP-1, 
APEX1), cytoskeletal structure and organization (e.g., 
MAPT, NEFL, WASF1, ARHGEF12), cell signalling 
(e.g., HDGF, PAG1, GPC5, CAMKK1, PPP3R1), protein 
metabolism (e.g., FKBP4, EIF4G1, THOP1, METAP1D), 
stress response (e.g., PRDX3), and extracellular matrix 
organization (e.g., CCDC80). Among them, only MAPT 
and NEFL have so far demonstrated diagnostic and prog-
nostic utility for sCJD subtypes, as well as a pathogenic 
role [1, 4, 7, 36], while evidence for all other proteins is 
lacking. Upon more detailed analysis, our machine learn-
ing model showed strong performance in classifying 
the VV2 and MV2K subtypes. In contrast, its accuracy 
was lower for MM(V)1, most likely due to the substan-
tial neuropathological heterogeneity within this group, 
including a significant number of mixed cases (MM(V)1 
+ 2C). The robustness of our RF/SHAP value-based 
approach for biomarker identification was further sup-
ported by the consistent results obtained with a different 
supervised machine learning model, namely OPLS-DA.

Ultimately, despite requiring further validation, we also 
report that even a small subset of these potential bio-
markers (PAG1, FOSB, GPC5, MAPT, METAP1D, and 
WASF1) might prove accurate for subtype differentiation.

Regarding the distribution of these protein levels across 
sCJD subtypes, we identified three main patterns. In the 
first and most common pattern, exemplified by MAPT, 
CSF levels are highest in VV2, intermediate in MM(V)1, 
and lowest in MV2K. The second pattern, observed in 
GPC5 and CCDC80 and best represented by NEFL, is 
characterized by higher levels in V2-strain-related sub-
types (VV2 and MV2K) compared to MM(V)1. Notably, 
these three proteins were the only ones among the top 20 
identified biomarker candidates that did not exhibit a sig-
nificant negative correlation with the timespan between 
LP and death, suggesting that their levels do not merely 
reflect disease severity. The third pattern, which applies 
exclusively to WASF1, shows elevated levels in MM(V)1 
relative to the other subtypes. The underlying reasons 
for these distinct patterns remain to be fully elucidated. 
Almost all of the identified proteins (with the notable 
exception of CCDC80, which is secreted to the extracel-
lular matrix) have a predominantly intracellular localiza-
tion in nervous system cells. It is likely that these proteins 
are released as a consequence of the extensive brain dam-
age occurring in sCJD, and therefore reach higher levels 
in the more aggressive subtypes (i.e., VV2 and MM(V)1) 
compared to the more slowly progressive MV2K. How-
ever, evidence indicates that CSF protein levels reflect 
both the extent and speed of brain damage, as well as 

Fig. 7  GO biological process enrichment analysis for all modules. Functional enrichment was performed using Metascape, selecting GO biological pro-
cesses as ontology source. Bars show the biological pathways enriched in each module. The corresponding GO number and associated biological process 
are indicated on the right. Darker colors indicate greater enrichment significance. The N/A module is not shown, as it exhibited no significant enrichment. 
Abbreviations: GO, Gene Ontology
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the predominant regional and subcellular pathology of a 
given disorder. For instance, NEFL, a neurodegeneration 
marker of myelinated axons, is thought to have higher 
levels in V2-strain-related subtypes due to predomi-
nant subcortical involvement [1]. In contrast, MAPT, 
which is ubiquitously represented in the CNS, primarily 
reflects the intensity of neurodegeneration, i.e., highest 
in VV2, intermediate in MM(V)1, and lowest in MV2K 
[7]. WASF1 is tendentially more expressed in the cor-
tex and hippocampus, while GPC5 and CCDC80 are 
more abundant in subcortical areas (data available from 
v24.proteinatlas.org), which may help explain the pecu-
liar distribution of their CSF levels across subtypes [51, 
55–58].

Consistent with these observations, GPC5, CCDC80, 
WASF1, and, to a lesser extent, NEFL emerged as protein 
markers with potential in distinguishing MM(V)1 from 
V2-strain-related subtypes. Their distinctive distribution 
makes them promising for differentiating patients with 
PrPSc type 1 or 2 when carrying the same MV genotype 
(MV1 vs. MV2K), a critical diagnostic challenge in clini-
cal practice.

Next, we evaluated the association between the identi-
fied biomarker levels and survival using previously vali-
dated prognostic models for sCJD [52]. Given the small 
size of the clinicopathologically defined subgroups (i.e., 
42 per subtype), we decided to include the subtype as a 
covariate in the model rather than stratifying patients 
into three separate analyses. This approach allowed us 
to preserve statistical power while accounting for sub-
type effects. Notably, statistically significant differences 
emerged despite the non-ideal context of a small cohort 
with relatively low survival variability within each molec-
ular subtype, which does not fully reflect the disease’s 
heterogeneity. Specifically, when adjusting for factors 
known to predict prognosis in prion disease (i.e., age at 
LP, sex, codon 129 genotype, timespan between onset 
and LP, and clinicopathological subtype), 10 proteins cor-
related with survival, namely, CCDC80, PARP-1, FOSB, 
APEX1, THOP1, FKBP4, PAG1, PRDX3, MAPT, and 
WASF1. Notably, CCDC80 exhibited one of the strongest 
associations, overpowering MAPT, which is currently 
considered one of the best-performing CSF biomarkers 
for CJD prognostication [7, 52]. Its potential as an inde-
pendent prognostic biomarker, in addition to its diag-
nostic value, makes CCDC80 particularly promising for 
future validation efforts.

Previous studies have shown an association between 
biomarker levels and disease stage in CJD, with distinct 
biomarker trajectories depending on the disease subtype 
[6, 7, 20]. Regarding this aspect, none of the top-identified 
proteins exhibited significant correlations with the dis-
ease stage across any sCJD clinicopathological subtype, 
suggesting that their concentrations remain relatively 

stable throughout the disease course. However, given the 
relatively small sample size and limited within-subgroup 
variability, this analysis was likely underpowered. There-
fore, validation studies in larger cohorts, possibly using 
specific immunoassays for the relevant proteins we iden-
tified, should also address this issue further.

Beyond biomarker research, this study explored the 
potential of proteomics to enhance our understanding of 
the pathogenic mechanisms driving the disease and its 
phenotypic heterogeneity. DEA identified numerous dys-
regulated proteins in sCJD compared to CTRL. Among 
these, MAPT and NEFL (two proteins widely recog-
nized as biomarkers in the differential diagnosis of sCJD) 
stood out as the most significantly altered, further vali-
dating the robustness of our proteomic approach. Unsu-
pervised analyses, including UMAP and hierarchical 
clustering of the top DEPs, revealed distinct clustering 
patterns among sCJD clinicopathological subtypes, sug-
gesting the existence of subtype-specific proteomic sig-
natures. We applied two complementary approaches to 
investigate further the biological processes differentiating 
these subtypes. In the first one, we employed a machine 
learning model performing a binary classification task 
(one subtype versus all others) to identify the most pre-
dictive proteins for each subtype. Functional enrichment 
analysis of these proteins uncovered several dysregu-
lated biological pathways across subtypes. For instance, 
the MV2K and VV2 showed significant enrichment in 
pathways related to membrane potential regulation and 
nucleic acid metabolism, while the MM(V)1 displayed 
significant enrichment in axo-dendritic transport. In the 
second approach, to overcome the limitations of con-
ventional functional enrichment analyses, which rely on 
pre-annotated functional groups of proteins, we adopted 
a workflow combining WGCNA and Hierarchical Hot-
Net. This strategy enables the unsupervised discovery of 
novel biological relationships and mechanisms not yet 
well-characterised in existing pathway databases [11, 30, 
49]. While some modules were dysregulated across all 
sCJD subtypes, others displayed subtype-specific altera-
tions. The toxicity module exhibited the highest level of 
dysregulation in VV2, intermediate in MM(V)1, and the 
lowest in MV2K. This module was significantly enriched 
in processes related to the response to toxic substances, 
negative regulation of phosphorus metabolism, pyri-
dine nucleotide metabolism, chromosome organiza-
tion, DNA metabolism, organelle localization, response 
to metal ions, and chaperone-mediated protein folding. 
Many of the previously identified promising biomark-
ers (e.g., MAPT, CRKL, PAG1, APEX1, and WASF1) 
came up as molecular hubs in this module, suggesting a 
direct pathogenetic role in sCJD. The chemotaxis mod-
ule, which showed the most pronounced dysregulation 
in MM(V)1 compared to other subtypes, was associated 
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with regulatory processes of the immune response, 
including positive regulation of chemotaxis, interleukin-6 
production, antibacterial humoral response, coagulation, 
and vascular permeability regulation. The nervous sys-
tem development module, which was significantly down-
regulated across all subtypes, was primarily involved 
in neurogenesis, cellular communication and migra-
tion, and the maintenance of synaptic integrity. Overall, 
these findings deepen our understanding and align with 
a growing body of evidence demonstrating that disrup-
tions in protein homeostasis, neuroinflammation, vascu-
lar and synaptic dysfunction, and metal ion metabolism 
are key pathogenic processes in prion diseases [5, 26, 29, 
35, 60, 62, 65]. Notably, the epithelium morphogenesis 
and intracellular signal transduction modules exhibited 
distinct strain-specific dysregulation. The former, which 
is involved in epithelial morphogenesis, angiogenesis reg-
ulation, BDNF receptor signalling, cell adhesion, osteo-
blast proliferation, inhibition of muscle cell apoptosis, 
suppression of leukocyte differentiation, and integrin-
mediated adhesion, was selectively altered in MM(V)1. 
The intracellular signal transduction module, which plays 
a crucial role in intracellular signal transduction inhibi-
tion, G2/M transition regulation, dephosphorylation, 
mitochondrial organization, supramolecular fiber orga-
nization, cellular response to chemical stress, and lipid 
biosynthesis, was specifically dysregulated in V2-strain-
related subtypes. These results are consistent with our 
previous reports, which, based on transcriptomic data, 
highlighted a selective alteration in the processes of 
dephosphorylation regulation and mitochondrial dys-
function in VV2 compared to MM(V)1, and expand on 
the characterization of the molecular differences under-
lying the phenotypic heterogeneity of sCJD [53]. None 
of the protein hubs identified in these two modules has a 
known pathogenic role in prion diseases. However, some 
are recognized for their association with other neurode-
generative disorders, highlighting the existence of shared 
pathological mechanisms across the neurodegeneration 
spectrum. For instance, WIF1, a regulator of the Wnt 
signalling pathway, has been implicated in both AD and 
Parkinson’s disease [18, 34], while SEZ6, a known synap-
tic regulator, is altered in AD [28]. Additionally, PRKRA 
has been linked to early-onset generalized dystonia-par-
kinsonism [13].

Regarding the identification of protein hubs within 
individual modules, similar implementations of Hier-
archical HotNet have been successfully applied in can-
cer research and neurological disorders [11, 33, 48, 49]. 
However, it is worth noting that its performance depends 
on the quality and completeness of protein-protein 
interaction networks, which may be biased toward well-
studied proteins, and is sensitive to parameter selection. 
Furthermore, the method assumes that disease-relevant 

proteins are topologically connected, and computational 
complexity increases with network size, which can hinder 
reproducibility across datasets [49].

The proteomic approach applied in this study warrants 
further consideration. Olink proteomics, which employs 
PEA technology, provides distinct advantages over con-
ventional mass spectrometry (MS)-based methods. 
Although MS offers comprehensive proteome coverage, it 
generally requires larger sample volumes, labor-intensive 
preparation, and complex data analysis, factors that may 
constrain its use in rare diseases where biological mate-
rial is scarce. By contrast, PEA leverages dual antibody 
recognition coupled with DNA-based quantification to 
enable detection of proteins at femtogram-per-milliliter 
concentrations from minimal sample input. This enables 
the highly sensitive, specific, and reproducible quantifica-
tion of hundreds of low-abundance biomarkers in parallel 
[2, 22]. Importantly, owing to its antibody-based detec-
tion principle, PEA is more readily translatable to clinical 
applications than MS-based approaches [15]. Given the 
limited availability of CSF samples in our cohort and the 
importance of generating clinically actionable insights, 
PEA represents a particularly well-suited approach for 
this study.

This study has several limitations. First, biomarker dis-
covery and model training were performed on the same 
retrospective cohort without independent external vali-
dation. The cross-validation approach employed provides 
internal validation within our dataset, but cannot account 
for potential biases that might affect model generalis-
ability. Another limitation is that our analysis focuses 
exclusively on the three main subtypes (collectively 
accounting for 90–95% of sCJD cases), while rarer vari-
ants were not included. This is particularly relevant for 
the MM(V)2 C subtype, which often presents with cog-
nitive deficits at onset and can be difficult to distinguish 
from the more common MM1 and MV1 subtypes, which 
may also manifest solely with cognitive impairment in 
early phases. Moreover, excluding rare subtypes, which 
often have longer disease durations, may have biased our 
analysis of prognostic biomarkers and limit their appli-
cability to the broader sCJD population. Furthermore, 
we acknowledge that the classification of sCJD subtypes 
may not have been entirely accurate due to the absence 
of neuropathological assessment in some patients. How-
ever, the risk of patient misdiagnosis or misclassifica-
tion was substantially reduced through comprehensive 
evaluation of medical records, including survival data, 
codon 129 genotyping, and the application of second-
generation prion RT-QuIC. As the study’s main strength, 
pathology-specific biomarkers enabled us to control con-
founding effects from common copathologies such as 
AD and LBD. Furthermore, the application and integra-
tion of various machine learning models enabled us to 
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interrogate the data from multiple perspectives, yielding 
complementary insights into the proteomic profile of the 
disease, the most promising biomarker candidates, and 
the underlying biological processes. Validation studies 
in independent, possibly prospective, neuropathological 
cohorts, including rare subtypes (i.e., MM(V)2 C, MM2T, 
and VV1) and mixed cases, will be essential to confirm 
and expand our findings.

Conclusions
In conclusion, this study demonstrates the existence of 
both shared and subtype-specific CSF proteomic sig-
natures in sCJD, shedding new light on the biological 
processes dysregulated in prion disease and driving its 
clinicopathological heterogeneity. We also identified pro-
teins likely involved in sCJD pathogenesis and that may 
thus be considered therapeutic targets. In addition, we 
propose a set of biomarkers that accurately distinguish 
sCJD subtypes in vivo and may help in prognostication. 
Future studies in independent cohorts should validate 
our findings.
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