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Supplementary Fig. 1 | Characterization of anti-Aβ conformation-dependent antibodies. a, b 

Heat map (a) and quantitative analysis (b) of the selectivity of different antibodies for Aβ42 and Aβ40. 

c Screening of the best antibody pairs for detecting Aβ42 and Aβ40. Data are presented as mean or 

mean ± s.d.  (n = 4, ****p < 0.0001). Two-way ANOVA was used for statistical analysis. 
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Supplementary Fig. 2 | Characterization of phosphorylated tau selective antibodies. a, b Heat 

map (a) and quantitative analysis (b) of antibody selectivity for p-tau181, p-tau217, p-tau231, and p-

tau396,404. c, Specificity of antibody pairs for detecting p-tau181, p-tau217, p-tau231, and p-tau396,404. Data 

are presented as mean or mean ± s.d. (n = 4, ****p < 0.0001). Two-way ANOVA was used for 

statistical analysis. 
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Supplementary Fig. 3 | Sequence specificity analysis between different ssDNA. 
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Supplementary Fig. 4 | Selectivity of RPA primers. a-f Agarose gel images of RPA products for 

evaluating the selectivity of RPA primers for ssDNA 91 (a), ssDNA 96 (b), ssDNA 97 (c), ssDNA 

99 (d), ssDNA O102 (e), or ssDNA N102 (f) in the presence of six ssDNA, including ssDNA 96, 

ssDNA 97, ssDNA 99, ssDNA O102, and ssDNA N102. 
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Supplementary Fig. 5 | Optimization of crRNA sequences. a Scaffold sequences of two crRNAs. 

b-e Kinetic curves of CRISPR-Cas12a for the detection of dsDNA-O102 and dsDNA-N102 in the 

presence of crRNA (GAAUUUCUACUGUUGUAGAU) (b) or crRNA 

(AAUUUCUACUAAGUGUAGAU) (c). Data are presented as mean. (n = 3). Quantification (d) and 

heat map (e) for the analysis of the difference in fluorescence intensity between the two crRNAs. 

Data are presented as mean or mean ± s.d. (n = 3, ****p < 0.0001). Two-way ANOVA was used for 

statistical analysis. 
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Supplementary Fig. 6 | Evaluation of crRNA selectivity. a-f Kinetic curves of crRNA 91 (a), 

crRNA 96 (b), crRNA 97 (c), crRNA 99 (d), crRNA O102 (e), and crRNA N102 (f) for the detection 

of six different RPA products in the presence of 2C6-ssDNA 91, 4B1-ssDNA 96, A18-ssDNA 97, 

1A2-ssDNA 99, 6E8-ssDNA O102, or 1E9-ssDNA N102. Data are presented as mean  (n = 3). 
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Supplementary Fig. 7 | Synthesis and characterization of antibody-ssDNA. a Flow chart of 

antibody-ssDNA synthesis. b Denaturing non-reducing PAGE gel image of antibody-ssDNA. c 

Agarose gel images of PCR products using 2C6-ssDNA 91, 4B1-ssDNA 96, A18-ssDNA 97, 1A2-

ssDNA 99, 6E8-ssDNA O102, and 1E9-ssDNA N102 as templates, respectively. 
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Supplementary Fig. 8 | Evaluation of the biological activity of antibody-ssDNA. a-f ELISA 

analysis of the biological activities of 2C6-ssDNA 91, 4B1-ssDNA 96, A18-ssDNA 97, 1A2-ssDNA 

99, 6E8-ssDNA O102, and 1E9-ssDNA N102 against Aβ40 (a), Aβ42 (b), p-tau181 (c), p-tau217 (d), p-

tau231 (e), and p-tau396,404 (f). Data are presented as mean ± s.d. (n = 3). Student’s t-test was used for 

statistical analysis. 
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Supplementary Fig. 9 | Specificity of UCMDA. a-f Kinetic curves of UCMDA for the detection of 

Aβ40 (a), Aβ42 (b), p-tau181 (c), p-tau217 (d), p-tau231 (e), and p-tau396,404 (f). Data are presented as 

mean  (n = 3). 

 

 

  

0 10 20 30

0

5×104

1×105

1.5×105

2×105

Incubation time (min)

F
lu

o
re

s
c

e
n

c
e

 i
n

te
n

s
it

y
 (

a
.u

.)

Aβ40

Aβ42

p-tau181

p-tau217

p-tau231

p-tau396,404

0 10 20 30

0

5×104

1×105

1.5×105

2×105

Incubation time (min)

F
lu

o
re

s
c

e
n

c
e

 i
n

te
n

s
it

y
 (

a
.u

.) Aβ40

Aβ42

p-tau181

p-tau217

p-tau231

p-tau396,404

0 10 20 30

0

5×104

1×105

1.5×105

2×105

Incubation time (min)

F
lu

o
re

s
c

e
n

c
e

 i
n

te
n

s
it

y
 (

a
.u

.) Aβ40

Aβ42

p-tau181

p-tau217

p-tau231

p-tau396,404

a b c

d e f

0 10 20 30

0

5×104

1×105

1.5×105

2×105

Incubation time (min)

F
lu

o
re

s
c

e
n

c
e

 i
n

te
n

s
it

y
 (

a
.u

.)

Aβ40

Aβ42

p-tau181

p-tau217

p-tau231

p-tau396,404

0 10 20 30

0

5×104

1×105

1.5×105

2×105

2.5×105

Incubation time (min)

F
lu

o
re

s
c

e
n

c
e

 i
n

te
n

s
it

y
 (

a
.u

.)

Aβ40

Aβ42

p-tau181

p-tau217

p-tau231

p-tau396,404

0 10 20 30

0

5×104

1×105

1.5×105

2×105

2.5×105

Incubation time (min)

F
lu

o
re

s
c

e
n

c
e

 i
n

te
n

s
it

y
 (

a
.u

.)

Aβ40

Aβ42

p-tau181

p-tau217

p-tau231

p-tau396,404



 

 14 

 

Supplementary Fig. 10 | Sensitivity of UCMDA in standard peptide solutions. a, b Kinetic curves 

of UCMDA system of different concentrations of Aβ40 (a) and p-tau396,404 (b) peptides diluted in TBS 

buffer. c, d Calibration curves for the detection of Aβ40 (c) and p-tau396,404 (d) peptide in the range of 

1 fg/mL to 100 pg/mL. e, f Signals of UCMDA and ELISA detection of different concentrations of 

Aβ40 (e) and p-tau396,404 (f) peptide. Data are presented as mean or mean ± s.d. (n = 3). 

 

 

  



 

 15 

 

Supplementary Fig. 11 | Sensitivity of UCMDA in the plasma of transgenic mice. a, c Kinetic 

curves of UCMDA system for detecting Aβ42 (a) in 5×FAD and p-tau231 (c) in htau mice plasma at 

dilutions ranging from 1 to 100,000. b, d Signals of Aβ42 (b) and p-tau231 (d) detected by UCMDA 

and ELISA at different dilution ratios. Data are presented as mean or mean ± s.d. (n = 3). 

 

  



 

 16 

 

Supplementary Fig. 12 | Kinetic curves of UCMDA for detecting different Aβ and p-tau. a-f 

Kinetic curves of UCMDA for the detection of Aβ40 (a), Aβ42 (b), p-tau181 (c), p-tau217 (d), p-tau231 

(e), and p-tau396,404 (f) in plasma samples of AD transgenic mice or C57BL/6 mice.  
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Supplementary Fig. 13 | Clinical validation of UCMDA. a-f Kinetic curves of UCMDA for 

detecting Aβ40 (a), Aβ42 (b), p-tau181 (c), p-tau217 (d), p-tau231 (e), and p-tau396,404 (f) in plasma of 

patients with AD (n = 56), individuals with AD-related MCI (n = 52), and NCs (n = 47). 
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Supplementary Fig. 14 | The fluorescence intensity of Aβ40 in clinical samples. Box plots showing 

the endpoint fluorescence intensity of Aβ40 in plasma of patients with AD (n = 56), individuals with 

AD-related MCI (n = 52), and NCs (n = 47). One-way ANOVA was used for statistical analysis. 
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Supplementary Fig. 15 | Performance of UCMDA using the single biomarker in distinguishing 

AD from NCs. a-f Sensitivity, specificity, precision, and accuracy of ROC analysis based on 

UCMDA using the predictor of Aβ42 (a), Aβ42/Aβ40 ratio (b), p-tau181 (c), p-tau217 (d), p-tau231 (e), or 

p-tau396,404 detected by UCMDA (f) in distinguishing patients with AD (n = 56) from NCs (n = 47). 
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Supplementary Fig. 16 | Performance of UCMDA using the single biomarker in distinguishing 

AD-related MCI from NCs. a-f Sensitivity, specificity, precision, and accuracy of ROC analysis 

using the predictor of Aβ42 (a), Aβ42/Aβ40 ratio (b), p-tau181 (c), p-tau217 (d), p-tau231 (e), or p-tau396,404 

detected by UCMDA (f) in distinguishing individuals with AD-related MCI (n = 52) from NCs (n = 

47). 
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Supplementary Fig. 17 | Performance of UCMDA using a single biomarker in distinguishing 

non-NCs from NCs. a-f Sensitivity, specificity, precision, and accuracy of ROC analysis using the 

predictor of Aβ42 (a), Aβ42/Aβ40 ratio (b), p-tau181 (c), p-tau217 (d), p-tau231 (e), or p-tau396,404 (f) 

detected by UCMDA in distinguishing non-NCs (n = 108) from NCs (n = 47). 
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Supplementary Fig. 18 | ROC curves of UCMDA and Sioma for distinguishing AD, AD-related 

MCI, or non-NCs from NCs using the predictor of Aβ42, Aβ42/Aβ40, or p-tau181. a-c ROC curves 

of UCMDA and Sioma for distinguishing AD (a), AD-related MCI (b), and non-NCs from NCs (c) 

using the predictor of Aβ42, Aβ42/Aβ40, or p-tau181. (n = 14 for patients with AD, n = 29 for individuals 

with AD-related MCI, n = 24 for NCs, and n = 43 for non-NCs.) 
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Supplementary Fig. 19 | Comparison of the performance of UCMDA and Sioma in 

distinguishing AD from NCs in the same clinical samples. a-f Comparison of the sensitivity, 

specificity, precision, and accuracy of UCMDA and Sioma in distinguishing AD (n = 14) from NCs 

(n = 24) using the predictor of Aβ42 (a, d), Aβ42/Aβ40 ratio (b, e), or p-tau181 (c, f). 
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Supplementary Fig. 20 | Comparison of the performance of UCMDA and Sioma for 

distinguishing AD-related MCI from NCs in the same clinical samples. a-f Comparison of the 

sensitivity, specificity, precision, and accuracy of UCMDA and Sioma in distinguishing AD-related 

MCI (n = 29) from NCs (n = 24) using the predictor of Aβ42 (a, d), Aβ42/Aβ40 ratio (b, e), or p-tau181 

(c, f). 
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Supplementary Fig. 21 | Comparison of the performance of UCMDA and Sioma in 

distinguishing non-NCs from NCs in the same clinical samples. a-f Comparison of the sensitivity, 

specificity, precision, and accuracy of UCMDA and Sioma in distinguishing non-NCs (n = 43) from 

NCs (n = 24) using the predictor of Aβ42 (a, d), Aβ42/Aβ40 (b, e), or p-tau181 (c, f). 
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Supplementary Fig. 22 | ROC curves of different algorithms for distinguishing AD, MCI, or 

non-NCs from NCs. a-c ROC curves of LR, SVM (linear), KNN, LDA, or QDA algorithm based on 

the combination of six biomarkers for distinguishing AD (a), AD-related MCI (b), or non-NCs from 

NCs (c). (n = 56 for patients with AD, n = 52 for individuals with AD-related MCI, n = 47 for NCs, 

and n = 108 for non-NCs. 
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Supplementary Fig. 23 | Comparison of the performance of different algorithms in 

distinguishing AD from NCs. a-f Confusion matrix and corresponding metrics (sensitivity, 

specificity, precision, and accuracy) of ROC analysis based on the LR (a), SVM (linear) (b), KNN 

(c), LDA (d), or QDA (e) algorithm using the predictor of six biomarkers detected by UCMDA 

to distinguish patients with AD (n = 56) from NCs (n = 47). 
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Supplementary Fig. 24 | Comparison of the performance of different algorithms in 

distinguishing AD-related MCI from NCs. a-f Confusion matrix and corresponding metrics 

(sensitivity, specificity, precision, and accuracy) of ROC analysis based on the LR (a), SVM (linear) 

(b), KNN (c), LDA (d), or QDA (e) algorithm using the predictor of six biomarkers detected by 

UCMDA to distinguish individuals with AD-related MCI (n = 52) from NCs (n = 47). 
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Supplementary Fig. 25 | Comparison of the performance of different algorithms in 

distinguishing non-NCs from NCs. a-f Confusion matrix and corresponding metrics (sensitivity, 

specificity, precision, and accuracy) of ROC analysis based on the LR (a), SVM (linear) (b), KNN 

(c), LDA (d), or QDA (e) algorithm using the predictor of six biomarkers detected by UCMDA to 

distinguish non-NCs (n = 108) from NCs (n = 47). 
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Supplementary Table 1 ssDNA sequences used in UCMDA 

Name Sequence (5’-3’) 

ssDNA 91 GGAGATTAGCAGTTTAGACTAAGAGTCCATTCCTCCCTCCTACTG

CTATGGCTTAGGAAGTTCAGGTATAATTATGGGATCGTCATCGTT

C 

ssDNA 96 GCTACAAGGTTAATTAGGCAGTTACCAACCTGTTGAATACGCGCG

TCTCCAGGTGCTTTTTCGTATGCTTTTGGTATAAGGCCAGAGGAAT

AATGC 

ssDNA 97 CAACTTAAAGGGGGATGTGTAGACTAGAAATACTTTTGCTGTATC

TACTTTGCGTAGCAGATTTCCCCGAAGCCCATAAAGTACTATGAT

CTCAGAC 

ssDNA 99 GACATACGGTCTTAATAGACCAAAGATTCGTGAGCGTAGTCCTGG

GGGCTCGCCTACCGTTTAAAATAACCCAAAGTATAATCAAGGGGA

ACGCTCAAC 

ssDNA O102 CTATGCTGTAACTTTCCCGGATGATATTTATGCGGAGAGCAGTAC

TTCAGCGGATGCAGTAATTTCTGGTGACAATAACCCGGACCATAA

ACTGAAAGTTTC 

ssDNA N102 CAGCGCAATAATCTGGTTACTTTTCCTCAATTTTCTGATAGAAACA

ATATCAGACAAAAGGAATATTATTTTCATTTTAATCAGATAACCA

CTCTTCCGGAG 
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Supplementary Table 2 RPA primer sequences used in UCMDA 

Name Sequence (5’-3’) 

ssDNA 91F GGAGATTAGCAGTTTAGACTAAGAGTCCAT 

ssDNA 91R GAACGATGACGATCCCATAATTATACCTGA 

ssDNA 96F GCTACAAGGTTAATTAGGCAGTTACCAAC 

ssDNA 96R GCATTATTCCTCTGGCCTTATACCAAAAG 

ssDNA 97F CAACTTAAAGGGGGATGTGTAGACTAGAA 

ssDNA 97R GTCTGAGATCATAGTACTTTATGGGCTTC 

ssDNA 99F GACATACGGTCTTAATAGACCAAAGATTCG 

ssDNA 99R GTTGAGCGTTCCCCTTGATTATACTTTG 

ssDNA O102F CTATGCTGTAACTTTCCCGGATGATATTTA 

ssDNA O102R GAAACTTTCAGTTTATGGTCCGGGTTATT 

ssDNA N102F CAGCGCAATAATCTGGTTACTTTTCCTC 

ssDNA N102R CTCCGGAAGAGTGGTTATCTGATTAAAATG 
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Supplementary Table 3 crRNA sequences and the probe used in UCMDA 

Name Sequence (5’-3’) 

crRNA 91 GAAUUUCUACUGUUGUAGAUGACUAAGAGUCCAUUCCUCCCUCC 

crRNA 96 GAAUUUCUACUGUUGUAGAUGUAUAAGGCCAGAGGAAUAAUGC 

crRNA 97 GAAUUUCUACUGUUGUAGAUCCCGAAGCCCAUAAAGUACUAUGA 

crRNA 99 GAAUUUCUACUGUUGUAGAUAAAUAACCCAAAGUAUAAUCAAGG 

crRNA O102 GAAUUUCUACUGUUGUAGAUUGCGGAGAGCAGUACUUCAGCGGA 

crRNA N102 GAAUUUCUACUGUUGUAGAUUGAUAGAAACAAUAUCAGACAAAA 

Probe FAM-TTTTTT-BQH 
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Supplementary Table 4 Comparison of UCMDA with other detection methods 

Method Analytes LOD AUC Sample Ref 

UCMDA 

Aβ40, 

Aβ42, 

p-tau181, 

p-tau217, 

p-tau231 

and p-tau396,404 

1 fg/mL 

0.595 

0.787 

0.91 

0.82 

0.826 

0.819 

plasma 

This 

work 

ELISA 

Aβ42, 

tau, 

or p-tau181 

1.56 pg/mL 

0.93, 

0.89, 

0.88 

CSF and 

exosome 

1 

Paper-based 

lateral flow 

immunoassay 

Aβ42Ms and 

Aβ42Os 

154 pg/mL 

NA 

blood 

Buffer 

environment 

2,3 

Aβ40, 

Aβ42, 

tau, 

and NfL 

191.2 fg/mL 

138.1 fg/mL 

257.1 fg/mL 

309.1 fg/mL 

Dual-mode 

magnetic 

immunosensor 

p-tau396,404 1.5 pg/mL 0.93 blood 4 

SERS based 

immunoassay 

p-tau396,404 

tau 

Aβ42 

3.8 pg/mL 

1.21 pg/mL 

46.2 pg/mL 

NA plasma 5,6 

Simoa p-tau181 9.31 pg/mL 0.77 plasma 7 

MSD 

p-tau181, 

p-tau217, 

0.8 pg/mL 

0.13 pg/mL 

0.8 

0.81 

plasma 8 
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or p-tau231 0.04 pg/mL 0.81 

Immunomagnetic 

PCR 

Aβ40, 

Aβ42, 

p-tau181, 

and p-tau396,404 

10 fg/mL 

0.85 

0.993 

0.79 

0.95 

plasma and 

exosome 

9 

Carbon 

nanotubes array 

Aβ40, 

Aβ42, 

tau, 

and p-tau 

47.96 fg/mL 

45.44 fg/mL 

734.2 fg/mL 

1.0 pg/mL 

0.608 

0.8 

0.815 

0.87 

plasma 10 
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Supplementary Table 5 Demographic characteristics of the participants 

Participant 

information 

Normal senile 

control 

Mild cognitive 

impairment 

AD 

Numbers 47 52 56 

Male/Female 22/25 24/28 32/24 

Ages 68 ± 6.1 69.8 ± 6.1 70 ± 7.3 

MoCA score 26.4 ± 2.2 22.5 ± 2.6 12.9 ± 5.2 

CDR 0 0.42 ± 0.2 1.2 ± 0.6 

Aβ-PET 

positive/negative 

0/47 17/35 56/0 
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Supplementary Table 6 AUC value, sensitivity, specificity, precision, and accuracy of ROC 

analysis based on UCMDA using the predictor of single biomarker in distinguishing between 

AD patients and NCs  

Biomarker AUC Sensitivity (%) Specificity (%) Precision (%) Accuracy (%) 

Aβ42 0.8514 66.07 89.36 88.10 76.70 

Aβ42/Aβ40 0.8302 57.14 100.00 100.00 76.70 

p-tau181 0.8522 96.43 61.70 75.00 80.58 

p-tau217 0.9012 78.57 85.11 86.27 81.55 

p-tau231 0.8146 80.36 74.47 78.95 77.67 

p-tau396,404 0.7895 55.36 93.62 91.18 72.82 
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Supplementary Table 7 AUC value, sensitivity, specificity, precision, and accuracy of ROC 

analysis based on UCMDA using the predictor of the single biomarker in distinguishing 

between AD-related MCI and NCs  

Biomarker AUC Sensitivity (%) Specificity (%) Precision (%) Accuracy (%) 

Aβ42 0.6833 38.46 97.87 95.24 66.67 

Aβ42/Aβ40 0.6391 38.46 100.00 100.00 67.68 

p-tau181 0.7295 53.85 82.98 77.78 67.68 

p-tau217 0.7390 50.00 89.36 83.87 68.69 

p-tau231 0.6809 34.62 95.74 90.00 63.64 

p-tau396,404 0.6653 48.08 76.60 69.44 61.62 
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Supplementary Table 8 AUC value, sensitivity, specificity, precision, and accuracy of ROC 

analysis based on UCMDA using the predictor of single biomarker in distinguishing between 

non-NCs and NCs  

Biomarker AUC Sensitivity (%) Specificity (%) Precision (%) Accuracy (%) 

Aβ42 0.7719 51.85 93.62 94.94 64.52 

Aβ42/Aβ40 0.7382 48.15 100.00 100.00 63.87 

p-tau181 0.7931 79.63 65.96 84.31 75.48 

p-tau217 0.8231 66.67 85.11 91.14 72.26 

p-tau231 0.7502 61.11 78.72 86.84 66.45 

p-tau396,404 0.7297 42.59 93.62 93.88 58.06 
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Supplementary Table 9 Comparison of AUC value, sensitivity, specificity, precision, and 

accuracy of UCMDA and Sioma using the predictor of Aβ42, Aβ42/Aβ40, or p-tau181 in 

distinguishing between AD patients and NCs  

Methods Biomarker AUC 

Sensitivity 

(%) 

Specificity 

(%) 

Precision 

(%) 

Accuracy 

(%) 

UCMDA 

Aβ42 0.765 71.4 70.8 58.8 71.1 

Aβ42/Aβ40 0.842 57.1 100 100 84.2 

p-tau181 0.982 92.9 95.8 92.9 94.7 

Sioma 

Aβ42 0.659 71.4 62.5 52.6 65.8 

Aβ42/Aβ40 0.833 78.6 79.2 68.8 78.9 

p-tau181 0.967 92.9 87.5 81.3 89.5 
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Supplementary Table 10 Comparison of AUC value, sensitivity, specificity, precision, and 

accuracy of UCMDA and Sioma using the predictor of Aβ42, Aβ42/Aβ40, or p-tau181 in 

distinguishing between AD-related MCI and NCs 

Methods Biomarker AUC 

Sensitivity 

(%) 

Specificity 

(%) 

Precision 

(%) 

Accuracy 

(%) 

UCMDA 

Aβ42 0.649 44.8 95.8 92.9 67.9 

Aβ42/Aβ40 0.701 44.8 100 100 69.8 

p-tau181 0.810 58.6 95.8 94.41 75.5 

Sioma 

Aβ42 0.566 71.4 62.5 52.6 65.8 

Aβ42/Aβ40 0.708 65.5 79.2 79.2 71.7 

p-tau181 0.746 65.5 75.0 76.0 69.8 
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Supplementary Table 11 Comparison of AUC value, sensitivity, specificity, precision, and 

accuracy of UCMDA and Sioma using the predictor of Aβ42, Aβ42/Aβ40, or p-tau181 in 

distinguishing between non-NCs and NCs 

 

  

Methods Biomarker AUC 

Sensitivity 

(%) 

Specificity 

(%) 

Precision 

(%) 

Accuracy 

(%) 

UCMDA 

Aβ42 0.687 44.2 95.8 95 62.7 

Aβ42/Aβ40 0.747 48.8 100 100 67.2 

p-tau181 0.866 69.8 95.8 96.8 79.1 

Sioma 

Aβ42 0.507 86.0 25.0 67.3 64.2 

Aβ42/Aβ40 0.749 69.8 79.2 85.7 73.1 

p-tau181 0.818 65.1 87.5 90.3 73.1 
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Supplementary Table 12 The AUC value, sensitivity, specificity, precision, and accuracy of 

different algorithms using the predictor of composite biomarkers detected by UCMDA in 

distinguishing between AD patients and NCs  

Algorithms AUC Sensitivity (%) Specificity (%) Precision (%) Accuracy (%) 

LR 0.9962 98.21 95.74 96.49 97.09 

SVM (linear) 0.9951 96.43 93.62 94.74 95.15 

KNN 0.9590 87.50 91.49 92.45 89.32 

LDA 0.9935 94.64 97.87 98.15 96.12 

QDA 0.9852 89.29 97.87 98.04 93.20 
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Supplementary Table 13 The AUC value, sensitivity, specificity, precision, and accuracy of 

different algorithms using the predictor of composite biomarkers detected by UCMDA in 

distinguishing between AD-related MCI and NCs 

Algorithms AUC Sensitivity (%) Specificity (%) Precision (%) Accuracy (%) 

LR 0.9149 86.54 87.23 88.24 86.87 

SVM (linear) 0.9100 84.62 80.85 83.02 82.83 

KNN 0.8629 71.15 89.36 88.10 79.80 

LDA 0.9071 84.62 85.11 86.27 84.85 

QDA 0.9247 80.77 93.62 93.22 86.87 
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Supplementary Table 14 The AUC value, sensitivity, specificity, precision, and accuracy of 

different algorithms using the predictor of composite biomarkers detected by UCMDA in 

distinguish between non-NCs and NCs  

Algorithms AUC Sensitivity (%) Specificity (%) Precision (%) Accuracy (%) 

LR 0.9517 89.81 91.49 96.04 90.32 

SVM 

(linear) 

0.9523 

93.52 76.60 90.18 88.39 

KNN 0.9262 76.85 91.49 95.40 81.29 

LDA 0.9480 80.56 97.87 98.86 85.81 

QDA 0.9482 87.96 91.49 95.96 89.03 

 

  



 

 45 

Supplementary Table 15 Details of antibodies used in UCMDA platform 

Antibody name Target Catalog number Species Source 

A40 Aβ40 V28704 Mouse Commercial purchase 

6E8 Aβ42 V28702 Mouse Commercial purchase 

1F12 Aβ42 1F12 Mouse Laboratory preparation 

2C6 Aβ42 2C6 Mouse Laboratory preparation 

1E9 p-tau181 1E9 Mouse Laboratory preparation 

1A2 p-tau217 1A2 Mouse Laboratory preparation 

AT180 p-tau231 MN1040 Mouse Commercial purchase 

4B1 p-tau396,404 4B1 Mouse Laboratory preparation 
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Supplementary Table 16 The sequence of synthesized peptides used in this study 

Name Sequence (N’-C’) 

Aβ38 DAEFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGG 

Aβ40 DAEFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVV 

Aβ42 DAEFRHDSGYEVHHQKLVFFAEDVGSNKGAIIGLMVGGVVIA 

p-tau181 AKTPPAPK(p-T)PPSSGEP 

p-tau217 SRTPSLP(p-T)PPTREPK 

p-tau231 KVAVVR(p-T)PPKSPS 

p-tau396,404 RENAKAKTDHGAEIVYK(p-S)PVVSGDT(p-S)PRHL 

p-tau6-18-181 QEFEVMEDHAGTYGGGGSGGGGSGGGGSAKTPPAPK(p-T)PPSSGEP 

p-tau6-18-396,404 

QEFEVMEDHAGTYGGGGSGGGGSGGGGSRENAKAKTDHGAEIVYK(p-

S)PVVSGDT(p-S)PRHL 
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