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Objective: Patients with amnestic mild cognitive impairment (aMCI) are thought to be highly susceptible to developing Alzheimer’s 
disease (AD). The study aimed to investigate the possibilities of plasma-biomarkers for individual patient identification of aMCI and 
prediction of episodic memory.
Methods: We recruited 87 healthy controls and 68 aMCI patients in this study; and 22/68 aMCI patients completed 3-year follow-up 
visits, with six aMCI patients converting to AD. An ultrasensitive quantitative method was employed to measure the levels of plasma 
biomarkers.
Results: Relative to healthy controls, the aMCI patients showed significantly higher levels of plasma neurofilament light (NfL) and 
lower levels of plasma Aβ40, Aβ42 and Aβ42/Aβ40 ratio (all P values <0.01). Using multivariate relevance vector regression models, 
we further demonstrated plasma biomarkers could accurately predict baseline Rey’s Auditory Verbal Learning Test-20 min delayed 
recall (AVLT-DR) scores (r = 0.362, P value <0.001) and 3-year longitudinal AVLT-DR changes (r = 0.365, P value <0.001) for 
individual aMCI patients; plasma-indicators contributed most to the predictions including total-tau and NfL. Finally, by using support 
vector machine model, the combination of plasma Aβ42/Aβ40, mini-mental state examination (MMSE) score, and hippocampal/ 
parahippocampal volume had the highest accuracy of 77.42% (sensitivity = 72.06%, specificity = 81.61%) for identifying aMCI 
patients.
Conclusion: We provided support to the use of plasma total-tau and NfL as simple biomarkers to predict the severity of episodic 
memory deficit for individual aMCI patients and aMCI progression, and further demonstrated that the combination of plasma Aβ42/ 
Aβ40, hippocampal/parahippocampal volume, and MMSE score could serve as an integrated screening tool to select aMCI 
individuals.
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Introduction
Alzheimer’s disease (AD) is an irreversible neurodegenerative disease characterized by cognitive decline and memory 
impairment, which may be accompanied by emotional or behavioral abnormalities.1–3 Patients with amnestic mild 
cognitive impairment (aMCI) are thought to be highly susceptible to developing AD.4 It has been established that 
early aMCI therapies can prevent or postpone the onset of AD. Therefore, early identification of aMCI patients and/or 
prediction of the aMCI progression are critical issues for clinicians.
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Blood-based biomarkers have recently emerged as a promising predictive tool for AD.5 Compared with other methods 
of detecting AD, such as cerebrospinal fluid (CSF) collection or brain positron emission tomography (PET) imaging,6–9 

blood sampling is less invasive, more scalable, and easily accessible in primary medical settings, thereby saving time and 
cost.10,11 Previous autopsy studies have shown that blood biomarkers associated with amyloid,12 tau pathology,13 and 
neurodegeneration14 are significantly correlated with brain deposits of amyloid and tau, as well as their measurements in 
CSF and brain PET.15 This evidence indicated that blood-based biomarkers performed well in predicting cognitive 
decline, dementia, and its progression. Although several blood biomarkers that aid in the diagnosis of AD have been 
developed,16 the evidence regarding the accuracy of blood-based biomarkers in diagnosing patients with aMCI remains 
limited at present. A previous meta-analysis examined the accuracy of blood biomarkers in detecting the conversion from 
aMCI to AD and found that plasma total tau protein (T-tau) plays an important role in this process.17 Another meta- 
analysis showed that T-tau, P-tau 181, and NfL in the blood increased from controls to aMCI to AD. In addition, Aβ42, 
Aβ42/Aβ40 ratio, and P-tau 217, measured using ultrasensitive platforms, also demonstrated high accuracy in the 
diagnosis from controls to aMCI to AD.18 Chen et al demonstrated that blood biomarkers are minimally invasive and 
cost-effective tools for detecting AD; however, the evidence for detecting aMCI remains limited.19 Therefore, exploring 
the value of blood biomarkers in screening for patients with aMCI and predicting their future continuous cognitive 
changes is of significant importance. Thus, additional research is needed to evaluate blood biomarkers’ diagnostic utility 
for aMCI and their predictive value for tracking cognitive decline in these patients.

A new trend which is using multivariate machine learning and pattern classification techniques has been effective in 
increasing the applicability of plasma-based data.20,21 Considering that patients with aMCI consistently experience the 
development of cognitive impairment, the range of alteration in an index measuring cognitive status in those patients will 
be multi-valued, either ordinal or continuous, rather than dichotomous.22,23 The ability to predict future neuropsycho
logical scores based on blood biomarkers at baseline is even more important, as it is highly valuable for tracking disease 
progression and treatment response. Episodic memory impairment is a primary symptom of aMCI.24,25 The Rey Auditory 
Verbal Learning Test (AVLT) is a widely used neuropsychological assessment of episodic memory, demonstrating 
clinical utility in the early detection of AD and aMCI.26 Furthermore, extensive research supports the association 
between AVLT performance and disease progression in individuals with aMCI.27,28 Thus, the ability to predict AVLT 
memory score29 or clinical changes from plasma-based measurements is even more important for aMCI patients, as it 
would help track aMCI progression and improve patient management.

Motivated by the aforementioned issues, we first examined the possibility of using plasma-based measurements to 
predict AVLT-20 min delayed recall (AVLT-DR) scores and 3-year AVLT-DR changes for individual aMCI patients using 
a pattern regression technique called multivariate relevance vector regression (RVR),30 which is a reliable regression 
method for producing robust estimates of continuous clinical variables.31,32 Furthermore, we conducted an exploratory 
classification analysis by using the support vector machine (SVM) method33 to investigate the viability of combining 
plasma-based measurements to accurately distinguish aMCI patients from healthy control (HC) subjects.

Methods and Materials
Participants
This present study recruited 68 aMCI patients and 87 hC subjects, through a normal community health screening and 
newspaper advertisements at the Affiliated ZhongDa Hospital of Southeast University. All of the participants were 
Chinese Han and right-handed, and they underwent a standardized clinical interview. The questionnaire for this study 
included information on education, medical history, and the use of medications. A description of the specific inclusion 
and exclusion criteria was contained in the Supplementary Materials. Blind methods were employed in the data collecting 
process to reduce potential selection bias. This study complies with the Declaration of Helsinki. The Research Ethics 
Committee of Affiliated ZhongDa Hospital and the Southeast University gave their approval for this work 
(2016ZDKYSB032). Before the trial began, informed permission forms had to be signed by each subject. Among 68 
aMCI patients, 22 completed visits at 3-year follow-up, with six aMCI patients converting to AD. The follow-up study 
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was performed at an average of 32 months (19–48 months). Notably, at follow-up, the neuropsychological assessments 
were identical to those conducted at baseline.

Neuropsychological Assessment
All neuropsychological tests were assessed by highly experienced professional neurologists. The AVLT is a potent 
neuropsychological instrument for testing episodic memory,34 by offering scores for analyzing several components of 
memory. In a nutshell, the AVLT comprises three successive trails that offer a list of twelve words. Following an audible 
reading of the list, the participant is instructed to quickly recollect as many words as they can. This process is carried out 
three times in a row. A further 20 minutes of interpolated testing are then given to the individual, after which time they 
are asked to recall the terms from the initial list (AVLT-DR).

Measurement of Plasma Aβ40, Aβ42, Total-Tau, and NfL by Simoa Assays
The concentration of plasma Aβ40, Aβ42, total-tau, and NfL were examined on the Quanterix Simoa-HD1 Platform 
(Supplementary Materials).35 These four plasma-based measures and the Aβ42/Aβ40 ratio were utilized as a feature 
vector in the ensuing analysis of RVR prediction and SVM classification.

Structural MRI Data Acquisition and Processing
A 3.0 T Siemens Verio scanner with a 12-channel head coil was used to get MRI images. The Supplementary Materials 
contain information about the acquisition and processing of the structural MRI data. We finally calculated the average 
gray-matter volume (GMV) of each hippocampal/parahippocampal subregion in the Brainnectome atlas,36 a fine-gained, 
cross-validated atlas that links brain architecture to cognitive and psychosocial processes. Accordingly, for all partici
pants, the mean GMV for all 16 hippocampal and parahippocampal subregions (including four hippocampal and 12 
parahippocampal subregions) was extracted (Table S1). Therefore, the feature vector for the subsequent SVM classifica
tion study was these 16 district mean GMV values.

Statistical Analysis
Neuropsychological Performance, Plasma-Based Measurement and Hippocampal/Parahippocampal GMV
Between-group differences in neuropsychological performances, plasma-based measurements, and hippocampal/para
hippocampal GMV were evaluated by nonparametric permutation tests.37 Notably, multiple linear regression analyses 
were performed before the permutation tests to exclude the confounding impacts of age, gender, and years of education.

Multivariate RVR Analysis
For each aMCI patient, a feature vector was created by concatenating the baseline five plasma-based values. We first 
evaluated the correlation between baseline AVLT-DR scores and plasma-based data using multivariate RVR.38 We used 
leave-one-out cross-validation (LOOCV) to measure the out-of-sample generality of the model to quantify the precision 
of the predictions. The precision of the forecast was measured using the correlation coefficient (r) and the mean absolute 
error (MAE) between the real and forecasted AVLT-DR scores. The purpose of the permutation tests, which involve 
1000 permutations, was to ascertain whether the coefficient r and MAE were significantly higher than would be predicted 
by chance. The absolute magnitude of the RVR weight of each feature quantifies its contribution to the model. Notably, 
as in our previous studies,38,39 a 10-fold cross-validation was further applied to validate this prediction result. The details 
about RVR analyses are described in the Supplementary Materials.

Furthermore, to investigate the potential of plasma-based measurements in predicting aMCI progression, we further 
conducted an exploratory analysis using the RVR model to predict 3-year AVLT-DR changes from baseline plasma-based 
measurements.

SVM-Based Classification
The initial step in the exploration of a time-effective and cost-effective pre-screening tool for identifying people at high 
risk for AD was the classification of the aMCI and HC groups using linear SVM based on plasma-based measures. 
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Additionally, a fused classifier that integrates three classifiers (ie, the plasma-based measurements, MMSE score, and 
hippocampal/parahippocampal GMV) via the sum rule was employed in this study to attain improved performance in 
classification. In this study, LOOCV and 10-fold cross-validation were also employed to validate the effectiveness of 
classifiers.40 The generalizability of the classifiers was evaluated quantitatively using the metrics of accuracy, sensitivity, 
and specificity. A receiver operating characteristic (ROC) graph was used to assess the performance of the classifier.41 

The permutation test was used to examine whether the accuracy and area under a ROC curve (AUC) of the fused 
classifier were considerably higher than the values expected by chance40 (Supplementary Materials). Lastly, a higher 
absolute weight denotes a greater contribution from the associated attribute to the classification.

Results
Demographic and Clinical Characteristics
At baseline, the scores of the aMCI patients on the MMSE, MDRS-2, and AVLT-DR tests were considerably lower than 
those of the HC participants (all P values <0.001) (Table 1). All neuropsychological data for the aMCI patients and 
healthy controls are shown in Table S2. Compared with the HC subjects, the aMCI patients showed significantly higher 
levels of plasma NfL and lower levels of plasma Aβ40, Aβ42 and Aβ42/Aβ40 ratio (Ps <0.01) (Table 1). The aMCI 
patients also indicated significantly lower GMV bilaterally in the brain subregions of hippocampus (ie, Hipp_L_2_1, 
Hipp_L_2_2 and Hipp_R_2_2) and parahippocampal gyrus (ie, PhG_L_6_4, PhG_R_6_4 and PhG_L_6_5) relative to 
the HC subjects (all P values <0.05) (Table 1). Among 68 aMCI patients, 22 completed the 3-year follow-up visit; their 
demographic and clinical characteristics are presented in Table S3.

Table 1 Demographics, Neuropsychological Performances, Plasma-Based Measurements and 
Hippocampal/Parahippocampal Volumes of the aMCI Patients and Healthy Controls

HC 
(N = 87)

aMCI 
(N = 68)

P values

Age (years) 64.8 ± 7.4 64.5 ± 7.7 0.844 a

Gender (male/female) 36/51 29/39 0.874 b

Education (years) 11.8 ± 2.7 10.6 ± 2.9 0.005 a

MMSE 28.6 ± 1.2 27.3 ± 1.7 < 0.001 c

MDRS-2 138.6 ± 2.9 134.5 ± 5.5 < 0.001 c

AVLT-DR 7.3 ± 1.9 2.6 ± 1.4 < 0.001 c

Plasma Aβ40 (pg/mL) 183.8 ± 61.9 157.7 ± 64.5 0.002 c

Plasma Aβ42 (pg/mL) 8.1 ± 3.1 6.0 ± 2.6 < 0.001 c

Plasma total-tau (pg/mL) 3.6 ± 1.8 3.7 ± 2.3 0.329 c

Plasma NfL (pg/mL) 5.8 ± 2.3 7.0 ± 3.2 0.005 c

Plasma Aβ42/Aβ40 0.05 ± 0.01 0.04 ± 0.01 < 0.001 c

#Hippocampal subregions’ volume (mL) Hipp_L_2_1 1.65 ± 0.18 1.60 ± 0.22 0.024 c

Hipp_R_2_1 1.35 ± 0.14 1.32 ± 0.16 0.073 c

Hipp_L_2_2 1.44 ± 0.14 1.38 ± 0.18 0.010 c

Hipp_R_2_2 1.46 ± 0.13 1.42 ± 0.17 0.030 c

(Continued)
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Plasma-Based Biomarkers Predicted Episodic Memory Performance (ie, AVLT-DR 
Score) in aMCI Patients
We first predicted the baseline AVLT-DR score by using the plasma-based measurements acquired at baseline. The 
personal prediction of baseline AVLT-DR scores was made possible by applying the method of RVR to the plasma-based 
measures (prediction r = 0.362, MAE = 0.988, Pperm value <0.001; Figure 1A, left panel; Table 2). The plasma-based 
measures that contributed most to the forecasting were total-tau and NfL (Figure 1A, right panel). Importantly, to confirm 
this outcome, we used 10-fold cross-validation as well. The primary conclusions drawn from the LOOCV method were 
validated by the correlation coefficient and MAE values that were obtained, which remained significant (prediction r = 
0.359, MAE = 1.015, Pprediction r value = 0.001, PMAE value <0.001).

Furthermore, we conducted an exploratory analysis using the RVR model to predict 3-year AVLT-DR changes 
from baseline plasma-based measurements. The actual and anticipated 3-year AVLT-DR changes in the model for 
aMCI patients were correlated at r = 0.365 (Pperm value <0.001) (Figure 1B, left panel). Interestingly, the plasma- 
based measurements that made the most contributions to the forecast also included total-tau and NfL (Figure 1B, right 
panel).

The Diagnostic Power of Plasma-Based Biomarkers for aMCI
The classification results of the plasma indicators-based classifier and the fused classifier are concluded in Table 3. 
According to the LOOCV, the plasma indicators-based classifier produced a classification accuracy of 71.61% with 
a significance of P value <0.001. However, the fused classifier produced a higher accuracy of identifying aMCI patients 
(ie, accuracy = 77.42%) with an AUC of 0.79 (Figure 2A), which had a more balanced sensitivity and specificity (ie, 
sensitivity = 72.06%, specificity = 81.61%) than the plasma indicators-based classifier. The 10-fold cross-validation 

Table 1 (Continued). 

HC 
(N = 87)

aMCI 
(N = 68)

P values

#Parahippocampal subregions’ volume (mL) PhG_L_6_1 0.52 ± 0.06 0.51 ± 0.08 0.060 c

PhG_R_6_1 0.43 ± 0.05 0.42 ± 0.06 0.178 c

PhG_L_6_2 0.37 ± 0.05 0.36 ± 0.06 0.141 c

PhG_R_6_2 0.39 ± 0.05 0.39 ± 0.05 0.192 c

PhG_L_6_3 0.54 ± 0.05 0.53 ± 0.07 0.137 c

PhG_R_6_3 0.41 ± 0.04 0.40 ± 0.05 0.132 c

PhG_L_6_4 0.41 ± 0.06 0.40 ± 0.07 0.041 c

PhG_R_6_4 0.28 ± 0.04 0.27 ± 0.05 0.030 c

PhG_L_6_5 0.26 ± 0.03 0.25 ± 0.04 0.023 c

PhG_R_6_5 0.35 ± 0.05 0.34 ± 0.06 0.051 c

PhG_L_6_6 0.34 ± 0.05 0.34 ± 0.05 0.390 c

PhG_R_6_6 0.34 ± 0.04 0.33 ± 0.05 0.223 c

Notes: Data are presented as the mean ± standard deviation. aIndependent-sample test. bχ2 tst. cNonparametric 
permutation test with age, gender and years of education as covariates.#The hippocampal and parahippocampal subregions 
were defined using the Brainnectome atlas.28 

Abbreviations: Aβ, amyloid-β; aMCI, amnestic mild cognitive impairment; AVLT-DR, auditory verbal learning test-20 min 
delayed recall; HC, healthy control; MDRS-2, mattis dementia rating scale-2; MMSE, mini-mental state examination; NfL, 
neurofilament light.
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acquired the average classification precision of the fused classifier of 76.13%. This result demonstrated the robustness of 
the finding, as it was comparable to those of the LOOCV. More importantly, further investigation showed that the 
features most useful for categorization discrimination comprised plasma Aβ42/Aβ40 ratio, MMSE score, and hippo
campal/parahippocampal subregions’ GMV (ie, Hipp_R_2_2, Hipp_L_2_2, PhG_L_6_6, PhG_R_6_5, and PhG_R_6_2) 
(Figure 2B).

Discussion
In this current preliminary study, our first analysis revealed that plasma Aβ40 and Aβ42 levels, and Aβ42/Aβ40 ratio 
were higher in the aMCI patients in contrast to HC subjects. Then, through using the machine learning framework, we 
further demonstrated that the plasma-based measurements could accurately predict baseline episodic performance 
(indicated by AVLT-DR scores) and 3-year AVLT-DR changes for individual aMCI patients; the plasma-based biomar
kers that contributed the most to the predictions included the plasma total-tau and NfL levels. Finally, by using the SVM 

Figure 1 Prediction of the baseline AVLT-DR scores and 3-year longitudinal AVLT-DR changes for individual aMCI patients based on plasma-based biomarkers. Using RVR 
model, the plasma-based measures can significantly predict the baseline AVLT-DR scores (A, left panel; r = 0.362, P < 0.001), which contributed most to the forecasting were 
total-tau and NfL (A, right panel). The baseline plasma-based measurements can also predict 3-year longitudinal AVLT-DR changes (B, left panel; r = 0.365, P < 0.001), and 
total-tau and NfL contributed the most to the prediction (B, right panel). 
Abbreviations: aMCI, amnestic mild cognitive impairment; AVLT-DR, Auditory Verbal Learning Test with a 20 min delayed recall; MAE, mean absolute error; NfL, 
neurofilament light; RVR, relevance vector regression; t-tau, total tau.
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model, the combination of plasma Aβ42/Aβ40 ratio, MMSE score, and hippocampal/parahippocampal volume supported 
aMCI identification with an accuracy of 77.42%.

Since the neurodegeneration of AD progresses years before the disease onset and since therapy is more effective at 
the early stage of the disease (eg, the aMCI stage), there is a dire need to forecast the progression of aMCI as measured 

Table 3 Classification Performances of the SVM Models in the aMCI and HC Classification Tasks

Accuracy (%) Sensitivity (%) Specificity (%)

LOOCV

Plasma biomarkers (AUC 0.76) 71.61% 66.18% 75.86%

Plasma biomarkers + MMSE (AUC 0.80) 74.84% 63.24% 83.91%

Plasma biomarkers + MMSE + Hippocampal/Parahippocampal subregions’ volume (AUC 0.79) 77.42% 72.06% 81.61%

10-fold

Plasma biomarkers 70.32% 63.24% 75.86%

Plasma biomarkers + MMSE 75.48% 64.71% 83.91%

Plasma biomarkers + MMSE + Hippocampal/Parahippocampal subregions’ volume 76.13% 66.18% 83.91%

Abbreviations: aMCI, amnestic mild cognitive impairment; AUC, area under the curve; healthy control; LOOCV, leave-one-out cross validation; MMSE, mini- 
mental state examination; SVM, support vector machine.

Table 2 Results of RVR Prediction Using the Plasma-Based Measurements

aMCI+HC aMCI

Prediction r (P value) MAE (P value) Prediction r (P value) MAE (P value)

AVLT-DR LOOCV 0.455 

(P < 0.001)

2.076 

(P < 0.001)

0.362 

(P < 0.001)

0.988 

(P < 0.001)

10-fold CV 0.472 

(P < 0.001)

2.072 

(P < 0.001)

0.359 

(P = 0.001)

1.015 

(P < 0.001)

Abbreviations: aMCI, amnestic mild cognitive impairment; AVLT-DR, auditory verbal learning test-20 min delayed recall; HC, healthy control; 
LOOCV, leave-one-out cross validation; MAE, mean absolute error; RVR, relevance vector regression.

Figure 2 Support vector machine (SVM)-based classification. The fused classifier (ie, integrating the plasma-based measurements, MMSE score and hippocampal/ 
parahippocampal subregions’ GMV) yielded a higher accuracy of identifying aMCI patients (ie, accuracy = 77.42%, AUC = 0.79) (A). The most discriminative features for 
classification included plasma Aβ42/Aβ40 ratio, MMSE score and hippocampal/parahippocampal subregions’ GMV (B). 
Abbreviations: Aβ, amyloid-β; aMCI, amnestic mild cognitive impairment; GMV, gray-matter volume; MMSE, mini-mental state examination; NfL, neurofilament light; t-tau, total tau.
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by cognitive scores, such as AVLT-DR, which would be more concentrated on functions linked to aMCI, and to identify 
a small set of biomarkers most predictive of the progression. In reality, nevertheless, the short-term (three years, for 
example) evolution of cognitive deterioration in aMCI patients is an ongoing occurrence. Furthermore, stable aMCI 
patients should only experience minor variations. Therefore, relatively objective biomarkers that are less affected by 
different clinical evaluators and that could accurately predict clinical scores (eg, AVLT-DR) and clinical changes are 
required and of great clinical significance,42 as they would help track disease progression and then improve patient 
management.

In this present study, we employed baseline plasma-based characteristics in a machine learning framework to generate 
continually valued predictions on baseline AVLT-DR scores and 3-year AVLT-DR changes for aMCI patients at each 
patient level. We proved that the baseline plasma-based measurements could be used to predict individual aMCI patients’ 
episodic memory performance (indicated by AVLT-DR scores) at baseline. The plasma total-tau and NfL were the 
plasma-based metrics that made the biggest contributions to the forecast. More importantly, further analysis using the 
longitudinal sample revealed that the plasma total-tau and NfL levels also contributed the most to the plasma-based 
multivariate model to predict 3-year AVLT-DR changes for individual aMCI patients. These findings demonstrated the 
potential of plasma total-tau and NfL in predicting baseline AVLT-DR scores and 3-year longitudinal AVLT-DR changes 
for individual aMCI patients. Indeed previous studies43 have demonstrated that plasma total-tau and NfL could be 
considered as neurodegeneration biomarkers, such as neuroaxonal damage. Previous studies also demonstrated that high 
plasma total-tau or NfL level is associated with both poorer global cognitive performance (eg, MMSE score) and brain 
atrophy in aMCI patients.44,45 A community-based cohort study analyzed the risk and predictive performance of six AD 
blood biomarkers for all-cause and AD dementia in a general population without dementia at baseline. The results 
showed that high levels of NfL were associated with an increased risk of all-cause or AD dementia over a mean follow- 
up period of 10 years.46 Other longitudinal studies also provide evidence that increased total-tau and NfL were related to 
lower MMSE scores and a faster rate of brain atrophy over time, as indicated by changes in whole-brain volume, 
ventricular volume, and hippocampus volume in aMCI or AD.47,48 Therefore, our findings add further support to the use 
of plasma total-tau and NfL as simple, accessible pre-screening tools to predict the severity of episodic memory deficit 
for aMCI patients and aMCI progression.

Finding accurate and stable blood biomarkers would be very helpful in daily work, as it would enable screening of 
a wider range of individuals at high risk for AD, hence sending fewer people for further invasive testing. Recent studies 
combining multiple blood biomarkers have achieved breakthroughs in the early diagnosis of AD. The superior 
performance of multi-analyte panels over single biomarkers. Li et al developed an integrated model to predict the 
conversion to dementia in patients with MCI by combining the apolipoprotein E ε4 allele status, MMSE scores, plasma 
p-tau181, left hippocampal and right amygdala volumes, and right inferior temporal cortical thickness. The area under the 
curve (AUC) reached 0.85.49 The study by Yuan et al demonstrated that the dynamic changes in plasma p-tau181 and 
NfL concentrations are positively correlated with the risk of conversion from MCI to AD. When plasma p-tau181 and 
NfL were combined to predict the progression of AD, a better predictive performance was achieved, with an AUC of 
0.701.50 Additionally, a blood-based multiplex biomarker assay for AD that measures the levels of 21 proteins can 
accurately classify AD (AUC = 0.94 to 0.99) and MCI (AUC = 0.84 to 0.89). This demonstrated the practicality of blood- 
based multi-pathway biomarker detection in the early screening of AD.51 In this study, within the first diagnostic pre- 
screening step, the SVM model with plasma-based measurements alone identified aMCI patients with an accuracy of 
71.61%. When adding a cognitive screening tool like MMSE and bilateral hippocampal/parahippocampal GMV in the 
SVM model, discrimination reached an accuracy of 77.42% (AUC = 0.79; sensitivity = 72.06%, specificity = 81.61%). 
Although the classification accuracy is moderate, this study complements the previous findings that blood-based 
biomarkers have potential value in screening for aMCI. Importantly, further analysis demonstrated that the most 
discriminative features for discrimination included plasma Aβ42/Aβ40 ratio, MMSE score, and hippocampal/parahippo
campal GMV. Multiple research endeavors are examining the identification of Aβ peptides in plasma by diverse methods 
as a plausible indicator for AD.48,52 Patients with aMCI had reduced levels of plasma Aβ42/Aβ40 ratio, which is 
consistent with several studies that have also found comparable outcomes in AD.53,54 Importantly, many previous studies 
have found that plasma Aβ42/Aβ40 ratio can accurately predict Aβ accumulation in the brain, even using different 
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methodological approaches.55–57 A more recent study demonstrated that the plasma Aβ42/Aβ40 ratio could discriminate 
dementia due to AD and dementia not due to AD.53 Additionally, our finding shows that the plasma Aβ42/Aβ40 ratio 
may have great value in combination with a set of simple additional variables, such as a cognitive screening tool like 
MMSE and hippocampal/parahippocampal GMV. Overall, the present identified features of the SVM model could be 
used as a preliminary instrument in the diagnostic chain. For example, in clinical practice, for large prevention studies, 
the initial pre-screening tool could be used to preselect individuals with high risk for AD progression into further 
diagnostic steps, such as lumbar puncture or PET scanning.

Several limitations should also be taken into account when summarising and extending the results of this study. First, 
our RVR predictions were obtained from a relatively small sample, especially from the longitudinal sample. The 
robustness and stability of our results were partially validated by the 10-fold cross-validation and the leave-one-out 
test, which were both utilized to assess the effectiveness of our methodology. Further studies using a large independent 
sample would be important to validate the current findings. Second, the sensitivity of SVM models may be affected by 
the sample sizes, future research using larger sample sizes may result in better predictive sensitivity. Third, the patients 
with aMCI were recruited based on the clinical criteria only but lacked amyloid-PET imaging or CSF protein examina
tion. Consequently, there may be a significant degree of biological and clinical heterogeneity in the current sample of 
aMCI patients. However, aMCI patients had significantly reduced cortical thickness in the hippocampus and parahippo
campal gyrus, as well as lower plasma Aβ40 and Aβ42 levels than healthy controls, as demonstrated in our earlier 
investigations35,58,59 using the same dataset. As a result, it is possible that the aMCI patients in this research were 
partially uniform. Fourth, the present study did not focus on the impact of plasma biomarkers on short-term cognitive 
function changes in aMCI patients. Subsequent studies should increase follow-up time points to better observe changes in 
cognitive function. Fifth, the medication intake of the subjects during the follow-up period may have an impact on the 
results, which is another limitation of the study. Finally, only 22 aMCI patients completed visits at 3-year follow-up after 
baseline; and six aMCI patients converted to AD. Longitudinal studies with a large sample of aMCI converters and non- 
converters are needed to be conducted to detect the potential value of plasma-based biomarkers for predicting AD 
progression. Further, in future mechanistic studies, we will further investigate the correlation between serum biomarkers 
and imaging parameters.

Conclusion
In summary, our findings demonstrate that plasma biomarkers, particularly total-tau and NfL can predict episodic 
memory deficit and its progression for individual aMCI patients. The combination of plasma Aβ42/Aβ40, hippocam
pal/parahippocampal volume and MMSE score could serve as an pre-screening tool to identify people with aMCI. Based 
on plasma biomarkers, predicting the continuous changes in cognitive function of aMCI patients at the individual level 
will become a key breakthrough in personalized care and treatment.
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