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Abstract

Background.
Blood-based biomarkers (BBMs) have shown high accuracy for Alzheimer’s Disease (AD) diagnosis in highly selected cohorts. In
view of the introduction of plasma biomarkers in larger cohorts in real-world clinical settings, we wanted to assess whether
machine learning (ML) approaches could generate reliable cutoffs for BBMs, independently from the availability of CSF or Aβ-
PET gold standard reference.

Methods.
Supervised and unsupervised ML models were applied to combined plasma pTau181 and Aβ42/40 and to plasma pTau217 alone
for AD classification in a real-world cohort from Perugia University Hospital (UniPg cohort), including patients with AD (n = 
285), patients with other neurodegenerative disorders (n = 144) and neurological controls (n = 172) for which paired CSF AD-
biomarkers were available. Cutoffs obtained for plasma pTau217 were also tested in an independent cohort from Palermo
University Hospital (UniPa cohort), which included CSF confirmed AD (n = 89) and non-AD patients (n = 29).

Results.
Cutoffs obtained from unsupervised GMM clustering achieved a comparable diagnostic accuracy with respect to traditional CSF-
based ROC analysis both for plasma pTau181 (~ 78%) and Aβ42/40 (~ 76%) combined and for plasma pTau217 alone (~ 86%) in
UniPg cohort. The combined use of clustering-obtained cutoffs for plasma pTau181 and Aβ42/40 reached an accuracy
comparable to the one of pTau217 alone for AD diagnosis in UniPg cohort. Supervised ML models for AD classification (Support
Vector Machines and XGBoost) did not outperform unsupervised GMM clustering in UniPg cohort. CSF and clustering-based
cutoffs for plasma pTau217 in UniPg cohort reached a comparable accuracy also when applied to UniPa independent cohort (~ 
85%).

Conclusions.
Our unsupervised clustering algorithm enables the definition of reliable cutoffs for blood-based AD biomarkers independently
from CSF data in a large, heterogeneous real-world cohort. Cutoffs obtained from unsupervised clustering in UniPg cohort
showed a comparable accuracy when applied to an independent validation cohort (~ 85% in UniPa cohort). In UniPg cohort, the
combined use of plasma pTau181 and Aβ42/40 increased their diagnostic accuracy, supporting the utility of multiple BBMs
testing.

Background
Blood-based biomarkers (BBMs) have shown great potential as a scalable, minimally invasive tool for Alzheimer’s Disease (AD)
diagnosis 1–3. The availability of fully automated techniques4–6 has made it possible to reliably measure biomarkers of AD in
plasma. Among AD BBMs, pTau isoforms, particularly pTau2177–10, have shown the highest diagnostic accuracy in
differentiating AD from control subjects 11,12. These advancements have recently led to the inclusion of BBMs among core
biomarkers of AD13 and to their recent approval as diagnostic tools for AD by FDA14.

BBMs diagnostic accuracy for AD has been proved in selected cohorts (i.e., AD vs. controls) and reliable cohort-specific cutoff
values have been defined with respect to CSF or amyloid PET positivity. In real-world settings, additional evidence is required
regarding the possibility to establish reliable cutoffs for plasma biomarkers without gold standard reference biomarkers.

To this point, unsupervised clustering 15 may be used to define cutoffs for AD BBMs independently from the availability of CSF
or nuclear imaging data. Applying unsupervised Gaussian mixture model (GMM) clustering to CSF AD biomarkers has already
led to derive cutoffs independently from neuropathological evidence 16.

In this study, a GMM clustering approach has been applied to establish cutoff values for two model BBMs (plasma Aβ42/40 and
pTau181) and for pTau217, the most promising standalone BBM of AD, in a real-world cohort from Perugia University Hospital
(UniPg cohort) for which paired CSF A/T/(N) profiles were available. The performances of this unsupervised CSF-independent
approach for cutoff definition of AD BBMs have been compared to classical CSF-based ROC analysis and state-of-art supervised
machine learning (ML) algorithms in UniPg cohort and tested in an independent external validation cohort from Palermo
University Hospital (UniPa cohort), for which paired CSF biomarkers profile and plasma pTau217 were available.
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Methods
Participants

We selected a retrospective cohort of 601 consecutive patients who referred to the Neurology Clinic of the University Hospital of
Perugia (UniPg cohort) and a retrospective consecutive cohort of 118 consecutive patients from the Neurology Clinic of the
University Hospital of Palermo (UniPa cohort) (Table 1). All subjects underwent a thorough diagnostic workup, including
medical history assessment, clinical examination, neuropsychological evaluation (at least comprehensive of Mini-Mental State
Examination17 and Clinical Dementia Rating scale 18), brain MRI scan, laboratory tests, lumbar puncture and blood sampling.
Diagnosis was based on the complete clinical-biological profile of each patient, according to diagnostic criteria, for each
condition (Alzheimer’s Disease in all its clinical stages, Parkinson’s disease both with and without cognitive impairment,
Parkinson’s disease dementia/dementia with Lewy Bodies, Fronto-temporal dementia)19 20 21 22 23 24. Patients with subjective
cognitive complaints or other neurological conditions (headache, mood disorders, vascular white matter lesions) and with a non-
AD CSF A/T/(N) biomarker profile were included as control subjects (CTRL). 

Biomarker measurements

CSF was collected and analyzed according to international guidelines25. Measures were performed with the fully automated
chemiluminescent platform Lumipulse G600-II or Lumipulse G1200 (Fujirebio Inc) for β-amyloid 1-42 (Aβ42), β-amyloid 1-40
(Aβ40), tTau and pTau181 levels, according to the instructions from the manufacturer. CSF A/T/(N) profiles were evaluated
according to previously published cutoffs16 for both UniPg and UniPa cohorts.

Plasma Aβ40, Aβ42, pTau181 and pTau217 measurements were performed on the Lumipulse G1200 according to the
instructions from the manufacturer. In UniPg cohort, plasma Aβ40, Aβ42, and pTau181 were measured for all patients,
while plasma pTau217 was measured for a subgroup of 490 patients (preAD=24, AD-MCI=127, AD-dem=95, FTD=18, OND=32,
PD-CN=36, PD-MCI=43, PDD/DLB=11, CTRL=104) in the UniPg Cohort. For the UniPa cohort, plasma pTau217 was available
for all 118 patients (Table 1).

All measurements for UniPg cohorts were performed at the Laboratory of Clinical Neurochemistry, Section of Neurology,
Department of Medicine and Surgery, University of Perugia, Perugia (IT) while for UniPa cohort the measurements were
performed at Institute of Clinical Biochemistry, Clinical Molecular Medicine, and Clinical Laboratory Medicine, Department of
Biomedicine, Neurosciences and Advanced Diagnostics, University of Palermo, Palermo (IT).

Data analysis 

A first, unrestrained clustering algorithm based on Gaussian Mixture Model (GMM) was applied to generate clusters based on
Aβ42/40 and pTau181 distribution in UniPg cohort. The optimal number of clusters was obtained by minimizing Bayesian
Information Criterion (BIC) 26. Clusters obtained were labeled as AD and non-AD according to the prevalence of clinical suspect
of AD at first clinical evaluation; the prevalence of an A+/T+ CSF profile in each cluster was then evaluated (Supplementary
Figure 1).

After removing outliers via inter-quartile range (IQR) criterion, the GMM clustering algorithm was applied to plasma pTau181
and plasma Aβ42/40 distributions, forcing the number of clusters to two. 

By analyzing the probability distribution of the gaussian model, a three-part cutoff 27,28 was defined (50% cluster 1, 95% cluster
1 and 5% cluster 1, respectively) for each BBM. The same three-part paradigm was applied to CSF-based (i.e., A+/T+ vs. non-
A+/T+) ROC generated cutoffs for each biomarker. The accuracy of cutoff values generated via unsupervised clustering to
predict an AD CSF profile was tested and confronted with the accuracy of the CSF-based ROC generated cutoffs. 

A Support Vector Machine algorithm (SVM) 29 with Radial Basis Function (RBF) kernel and an XGBoost 30,31 algorithm with
depth equal to 2.0 were applied to discriminate between AD and non-AD-labeled patients (according to CSF profile) based on
plasma Aβ42/40 and pTau181. All accuracies obtained by unsupervised algorithms were verified by training and testing
algorithms on whole UniPg database and by 10-fold cross-validation.

The same unsupervised paradigm was applied to the subset of patients in the UniPg cohort for which plasma pTau217 was
available: after outlier removal via IQR criterion, cutoff values were generated both via CSF-reference (i.e., A+/T+ vs. non-
A+/T+) and via unidimensional unsupervised GMM-clustering with cluster number forced to two. 

Accuracies, sensitivities and specificities for AD diagnosis of cutoffs generated for plasma pTau217 in UniPg cohort were also
measured in UniPa cohort (Table 2 a and b).
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All cutoff accuracies, sensitivities and specificities were tested via 10-fold cross-validation.

All of the analyses were performed via Python v3.8 using matplotlib32,  scipy33, seaborn34, numpy35, pandas 36, scikit-learn37,
scikit_posthocs38, xgboost30 libraries and R v4.2.1 packages 39.

Results
Study design

The design of the study is graphically summarized in Figure 1. Briefly, unsupervised GMM clustering, traditional CSF-based
ROC analysis and supervised ML approaches were applied to the combination of plasma Aβ42/40 and pTau181 and to pTau217
alone from a real-world memory clinic cohort (UniPg cohort). In GMM clustering the cluster number was forced to two and a
three-part cutoff was generated for each biomarker to distinguish between the two clusters. A three-part cutoff was also
calculated via CSF-based ROC analysis for each BBM, while for supervised ML models a binary classification was obtained. The
accuracies of these three approaches were compared by cross-validation in both cohorts.

Demographic and clinical details of the cohorts

Demographic and clinical characteristics of the cohorts are summarized in Table 1. Plasma biomarker concentrations, years of
education and MMSE scores are presented as mean ± standard deviation. As expected, plasma biomarker concentrations,
MMSE, and education differed among AD and non-AD groups (p < 0.005). Of interest, both pTau181 and pTau217 levels showed
a significant progressive increase from preAD to ADdem in UniPg cohort. This trend was confirmed also in AD-MCI and ADdem
patients in UniPa cohort, which did not include preAD patients.   

Unrestrained clustering

The unrestrained GMM clustering algorithm spontaneously identified three clusters based on plasma Aβ42/40 and pTau181
distributions in UniPg cohort (Supplementary Figure 1). Clusters were then labeled, based on the initial clinical suspect, as AD
(cluster 0, in which a 75% prevalence of AD clinical suspect was found), non-AD (cluster 1, with a 34% prevalence of AD clinical
suspect) and undetermined (cluster 2, with an almost equal presence of AD and non-AD clinical suspect). The prevalence of CSF-
confirmed AD diagnosis in each cluster was then evaluated. In Cluster 0, labeled as AD, the prevalence of CSF confirmed AD
diagnosis was 87%. In Cluster 1, labeled as non-AD, the prevalence of a CSF confirmed diagnosis of AD was 15%. In Cluster 2,
labeled as undetermined, the prevalence of a CSF confirmed diagnosis of AD was 58% (Supplementary Table 1).

Cutoff determination

All measured cutoffs for UniPg cohort are listed in Table 2 and graphically presented in Figure 2 and Figure 3. Figure 4 shows
the application to UniPa cohort of cutoffs derived in UniPg cohort for plasma pTau217. 

After running the bidimensional GMM clustering algorithm with cluster number forced to two, a three-part cutoff was
determined for Aβ42/40 ratio (best cutoff: 0.0817) and for plasma pTau181 (best cutoff: 2.15 pg/mL).

A CSF-based ROC analysis was performed to identify a cutoff value for plasma Aβ42/40 ratio (best cutoff: 0.0816) to predict a
CSF A+ status, and for plasma pTau181 (best cutoff: 2.06 pg/mL) to predict a CSF A+T+ status. 

Clustering-based and ROC-based cutoffs for 95% specificity and 95% sensitivity are listed in Tab. 2. 

Then, the accuracy of each plasma pTau181 cutoff value to predict an A+/T+ CSF profile was tested. The accuracy of the best
cutoff value (maximizing YI) generated via ROC analysis with CSF profile as a reference was 78.96%. The accuracy of the
clustering-based cutoff was 78.6% (Table 2).

Similarly, the accuracy of each Aβ42/40 cutoff value to predict an A+ CSF profile was tested, with a value of 75.97% for the
CSF-based cutoff. The accuracy of the clustering -based cutoff for plasma Aβ42/40 was 76.1% (Table 2).

We next explored the combined use of the cutoffs generated by clustering. for patients with both plasma Aβ42/40 lower than
cutoff of 0.0817 and plasma pTau181 higher than cutoff of 2.15 pg/mL, the prevalence of a CSF confirmed AD profile was 87.3%.
For patients with both plasma Aβ42/40 higher than cutoff of 0.0817 and plasma pTau181 lower than cutoff of 2.15 pg/mL, the
prevalence of a CSF confirmed non-AD profile was 87.2%.

Unidimensional clustering for plasma pTau217 with cluster number forced to two led to the definition of two clusters in the
UniPg cohort with a prevalence of an AD-CSF profile, respectively, of 14.1% in cluster 1 and 85% in cluster 2 (Supplementary
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Table 1). According to unidimensional clustering distribution, a three-part cutoff was derived as above for UniPg cohort (best
cutoff: 0.258 pg/mL). 

The best cutoff generated via CSF-based ROC analysis for plasma pTau217 in UniPg cohort was 0.192 pg/mL. Clustering-based
and ROC-based pTau217 cutoffs for 95% specificity and 95% sensitivity are listed in Table 2. 

For the cutoff value generated analyzing plasma pTau217 clustering probability distribution, the accuracy in predicting an AD
CSF profile was 86.1% while for the cutoff generated maximizing YI via CSF-based ROC analysis the accuracy in predicting an
AD CSF profile was of 86.1% (Table 2, Figure 3). 

Accuracies, sensitivities and specificities of UniPg generated cutoffs were tested for AD diagnosis in UniPa cohort and validated
via 10-fold cross-validation. 

Mean accuracies of the application to UniPa cohort of clustering-generated and CSF-ROC generated UniPg cutoffs were
equivalent (85% for clustering-based cutoff vs. 84.2% for CSF-ROC based cutoff, respectively) (Table 2 b, Figure 4).

Supervised ML classification

State-of-art supervised ML classification algorithms were tested on plasma Aβ42/40 and pTau181 in UniPg cohort. The XGBoost
algorithm, run with clinical and biological entry data (plasma Aβ42/40 and pTau181, age, education and MMSE at baseline
evaluation) classified AD patients with an accuracy of 0.74 after training and testing on the whole database. Of interest, XGBoost
classifier included, as significant variables, exclusively plasma pTau181 and plasma Aβ42/40. XGBoost results reached an
equivalent accuracy when tested in a 10-fold cross-validation with 70-30% training-test set split. 

Based on these findings a SVM model with RBF kernel was set to discriminate between CSF-defined AD and non-AD patients
upon plasma pTau181 and plasma Aβ42/40 values in UniPg cohort. SVM-RBF reached an accuracy of 0.78 both when trained
and tested in whole database and after 10-fold cross-validation with 70-30% training-test set split (Figure 5). 

Discussion and limitations
Our results show that a CSF-independent pipeline based on GMM clustering followed by probability distribution analysis can
achieve an accuracy equivalent to that obtained via CSF-based ROC analysis in cutoff definition for AD BBMs. 

This finding is of great interest considering the heterogeneity of UniPg cohort, which included all clinical stages of AD, patients
with co-morbidities that may alter plasma biomarker assessment (e.g. renal impairment, see Supplementary Table 2)40, well-
represented groups with unclear CSF profiles (A-/T+ n=54 and A+/T- n=53, see Tab. S2), as well as participants with
neurodegenerative conditions other than AD and controls. 

When the same analytical pipeline was applied to plasma pTau217, currently regarded as the most reliable standalone plasma
biomarker of AD, the unsupervised approach defined a cutoff for AD classification independently of CSF profiling that achieved
an accuracy equivalent to the CSF-based ROC model in the UniPg cohort. As expected, in UniPg cohort, plasma pTau217 alone
outperformed pTau181 as a diagnostic biomarker of AD. Notably, the three-part cutoff generated via unsupervised clustering for
pTau217 showed a narrower range with respect to the one generated via traditional CSF-based ROC analysis; a possible
explanation for this result is that confounding factors (i.e. renal impairment) can elevate plasma pTau217 concentrations also in
non‑AD individuals, thus hampering the concordance between BBM- and CSF-based classification and leading to a wider range
between 95% sensitivity and 95% specificity CSF-based cutoffs. The robustness of cutoffs defined in UniPg cohort for plasma
pTau217 is reflected by the results obtained when the same cutoffs were applied to UniPa cohort. 

Possible explanations for the slightly lower accuracies, sensitivities and specificities found in UniPa cohort can be the lower
sample size and the larger prevalence of AD patients in this cohort (which included 89 AD patients and 29 non-AD patients) with
only 10 non-AD patients having an A-/T- CSF profile (Supplementary Table 2b). 

Of interest, by combining the two cutoffs identified through our unsupervised ML approach for plasma Aβ42/40 ratio and
pTau181 in UniPg cohort, we achieved the best nominal concordance with CSF-confirmed diagnosis of AD (87.3%).

Furthermore, when applied to plasma Aβ42/40 ratio and pTau181, in UniPg cohort, state-of-art supervised classification
algorithms did not outperform unsupervised GMM clustering-based classification.

Conclusions
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Our findings address a key requirement for the real-world implementation of blood-based biomarkers for AD: establishing
reliable diagnostic cutoffs when CSF or amyloid-PET data are not largely available. Our results demonstrate that an
unsupervised machine-learning pipeline can define plasma-based cutoffs with accuracy equivalent to traditional CSF-guided
approaches in a large, real-world cohort and that those cutoffs can be applied even to a smaller, imbalanced cohort with
equivalent accuracy. Importantly, our unsupervised pipeline can be extended to any number of biomarkers. In the present study,
we limited the analysis to either two markers, plasma Aβ42/40 and pTau181, or a single marker, pTau217, to facilitate intuitive
interpretation and visualization and to evaluate the robustness of the methodology. As the combination of those two less reliable
biomarkers outperformed a single-biomarker approach, an extension to broader biomarker panels could further improve
diagnostic performance and strengthen the clinical value of BBMs in AD diagnosis.
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Tables
Table 1. Distribution of plasma biomarkers values across diagnostic groups in a) UniPg cohort and b) UniPa cohort. All values
are expressed as mean +/- standard deviation. (n): number of patients for which plasma pTau217 was available; preAD:
preclinical Alzheimer’s Disease; AD-MCI: Mild Cognitive Impairment due to Alzheimer’s Disease; ADdem: dementia due to
Alzheimer’s Disease; PD-CN: cognitively unimpaired Parkinson’s Disease; PD-MCI: Parkinson’s Disease with Mild Cognitive
Impairment; PDD/DLB: Parkinson’s Disease Dementia/Dementia with Lewy Bodies; FTD: Fronto-Temporal Dementia; OND:
Other Neurological Disease; CTRL: subjects without specific pathological phenotypes and with a non-AD CSF profile; A+: % of
patients with CSF with an A+ CSF profile; T+: % of patients with CSF with a T+ CSF profile.
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a)
Groups

N 

(N
pTau217)

Sex
(M/F)

Age
(years)

Education
(years)

MMSE A+
(%)

T+

(%)

Plasma
Aβ42/40

Plasma
pTau181

(pg/mL)

Plasma
pTau217

(pg/mL)

preAD 30 (24) 13/17 72.3 ±
5.1

10.0 ±
 4.3

28.0 ± 1.4 100% 100% 0.076 ± 0.015 1.9 ± 1.0 0.262 ±
0.163

AD-MCI 141
(127)

44/97 72.9±
6

10.1 ±
 4.7

23.9 ± 3.1 100% 100% 0.076 ± 0.011 2.8 ± 1.4 0.627 ±
0.353

ADdem 114 (95) 29/75 73.5±
6.7

8.8 ± 4.5 15.5 ± 6.1 100% 100% 0.078 ± 0.009 3.3 ± 1.1 0.902 ±
0.515

PD-CN 40 (36) 23/17 65.9 ±
6.2

11.8 ±
 4.1

28.4 ± 1.5 7% 18% 0.095 ± 0.029 1.1 ± 0.6 0.072 ±
0.038

PD-MCI 55 (43) 40/15 69.3 ±
6.5

9.7 ± 3.7 26.0 ± 2.0 24% 21% 0.092 ± 0.020 1.4 ± 0.7 0.12 ±
0.086

PDD/DLB 17 (11) 16/1 72.5 ±
10.5

8.6 ±  4.4 20.6 ± 5.2 67% 50% 0.077 ± 0.013 2.3 ± 1.0 0.43 ±
0.348

FTD 32 (18) 18/14 72.2 ±
6.7

9.4 ±  3.9 23.2 ± 3.8 24% 27% 0.083 ± 0.012 2.0 ± 0.7 0.30 ±
0.31

OND 32 (32) 16/16 72.9 ±
7.1

10.0 ±
 4.5

22.7 ± 5.4 56% 26% 0.082 ± 0.023 2.0 ± 0.9 0.219 ±
0.146

CTRL 140
(104)

81/59 69.5 ±
7.1

10.3 ±
 4.5

26.7 ± 2.16 0% 18% 0.084 ± 0.016 1.7 ± 1.4 0.149 ±
0.177

b) Groups N  Sex (M/F) Age (years) Education (years) MMSE A+ (%) T+

(%)

Plasma pTau217

(pg/mL)

AD-MCI 39 19/20 71.4± 6.86 10.1 ±  4.9 23.7 ± 4.2 100% 100% 0.590 ± 0.330

ADdem 55 26/29 69.9± 7.6 9.5 ± 4.3 18 ± 6.3 100% 95% 0.722 ± 0.344

PDD/DLB 2 0/2 77 ± 5.7 17 ±  0 15.5 ± 13.4 100% 0% 0.333 ± 0.011

OND 7 4/3 73.5 ± 4.3 8.1 ±  4.3 15.1 ± 9.8 71% 14% 0.312 ± 0.188

CTRL 14 5/9 68.9 ± 7.6 10.7 ±  4.4 25.9 ± 3.1 35% 0% 0.174 ± 0.084

Figures
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Figure 1

Study design and analytical workflow. A real-world memory-clinic cohort (n = 601) with paired plasma and CSF biomarkers was
analyzed through parallel supervised and unsupervised machine-learning pipelines. In the supervised arm, CSF-referenced ROC
and ML classifiers (SVM, XGBoost) were applied to plasma Aβ42/40, pTau181, and pTau217 (available for n=490). In the
unsupervised arm, GMM clustering of plasma biomarkers generated CSF-independent, data-driven cutoffs. Cutoff values and
diagnostic performances generated via supervised and unsupervised approaches were then compared and for pTau 217 tested in
an independent validation cohort from UniPa.
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Figure 2

Plasma Aβ42/40 and pTau181 distributions and cutoff values.

A, clustering-based cutoff values for plasma Aβ42/40 (solid line: 50% cluster 1 cutoff, dotted lines: 95% cluster 1 and 5% cluster
1 cutoffs, colored area: patients falling between 95% and 5 % cluster 1 cutoffs); B, CSF-based cutoff values for plasma Aβ42/40
(solid line max YI cutoff, dotted lines 95%sens and 95%spec cutoffs, colored area patients falling between 95%sens and 95%
spec cutoffs); C, clustering-based cutoff values for plasma pTau181 (solid line: 50% cluster 1 cutoff, dotted lines: 95% cluster 1
and 5% cluster 1 cutoffs, colored area: patients falling between 95% and 5 % cluster 1 cutoffs); D, CSF-based cutoff values for
plasma pTau181 (solid line max YI cutoff, dotted lines 95%sens and 95%spec cutoffs, colored area patients falling between
95%sens and 95% spec cutoffs)
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Figure 3

plasma pTau217 distribution and cutoff values in UniPg cohort. A, clustering-based cutoff values for plasma pTau217 (solid line:
50% cluster 1 cutoff, dotted lines: 95% cluster 1 and 5% cluster 1 cutoffs, colored area: patients falling between 95% and 5 %
cluster 1 cutoff); B, CSF-based cutoff values for plasma pTau217 (solid line: max YI cutoff, dotted lines: 95%sens and 95%spec
cutoffs, colored area: patients falling between 95%sens and 95% spec cutoffs)

Figure 4

plasma pTau217 distribution and cutoff values in UniPa cohort. A, clustering-based cutoff values for plasma pTau217 generated
in UniPg cohort (solid line: 50% cluster 1 cutoff, dotted lines: 95% cluster 1 and 5% cluster 1 cutoffs, colored area: patients
falling between 95% and 5 % cluster 1 cutoff); B, CSF-based cutoff values for plasma pTau217 generated in UniPg cohort (solid
line: max YI cutoff, dotted lines: 95%sens and 95%spec cutoffs, colored area: patients falling between 95%sens and 95% spec
cutoffs).
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Figure 5

Graphic representation of SVM supervised classifier based upon plasma Aβ42/40 and plasma pTau181.

Colored areas: region of BBM distribution with SVM-predicted AD CSF, in pale red, region of BBM distribution with SVM-
predicted non-AD CSF, in light blue; dots: subjects with defined CSF AD profile, red dots, subjects with defined CSF non-AD
profile, blue dots.
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