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ABSTRACT
There is an urgent need for the precise prediction of cerebral amyloidosis using noninvasive and accessible indicators to facili-
tate the early diagnosis of individuals with the preclinical stage of Alzheimer's disease (AD). Two hundred and four individuals 
with subjective cognitive decline (SCD) were enrolled in this study. All subjects completed neuropsychological assessments and 
underwent 18F-florbetapir PET, structural MRI, and functional MRI. A total of 315 features were extracted from the MRI, de-
mographics, and neuropsychological scales and selected using the least absolute shrinkage and selection operator (LASSO). The 
logistic regression (LR) model, based on machine learning, was trained to classify SCD as either β-amyloid (Aβ) positive or neg-
ative. A nomogram was established using a multivariate LR model to predict the risk of Aβ+. The performance of the prediction 
model and nomogram was assessed with area under the curve (AUC) and calibration. The final model was based on the right 
rostral anterior cingulate thickness, the grey matter volume of the right inferior temporal, the ReHo of the left posterior cingulate 
gyrus and right superior temporal gyrus, as well as MoCA-B and AVLT-R. In the training set, the model achieved a good AUC 
of 0.78 for predicting Aβ+, with an accuracy of 0.72. The validation of the model also yielded a favorable discriminatory ability 
with an AUC of 0.88 and an accuracy of 0.83. We have established and validated a model based on cognitive, sMRI, and fMRI 
data that exhibits adequate discrimination. This model has the potential to predict amyloid status in the SCD group and provide 
a noninvasive, cost-effective way that might facilitate early screening, clinical diagnosis, and drug clinical trials.

1   |   Introduction

Alzheimer's disease (AD) is the most common cause of demen-
tia, which has a progressive neuropathological course that spans 
several years to decades before the first symptom of cognitive 
impairment (Jack et  al.  2018). According to the international 
consensus on the biological definition, AD is acknowledged as 
a continuum characterized by underlying pathologic processes 
(Jack et al. 2024). The progression of the neuropathological bur-
den eventually leads to the later appearance and progression of 

clinical symptoms (Jack et al. 2024). Consensus on the clinical 
stages of the Alzheimer's continuum recognizes that subjective 
cognitive decline (SCD) is an indicator of transitional cognitive 
decline that may precede the MCI by 10–15 years, which lies 
between a cognitively unimpaired state and impaired cogni-
tion (Jack et  al.  2018). Given its long prodromal period before 
the first symptom, diagnosis, and intervention measures should 
commence as early as possible (Sperling et al. 2014). Due to the 
massive loss of neurons and irreversible cognitive impairment 
that have already occurred at MCI, detecting at the stage of MCI 
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may still be too late for early intervention (Petersen 2009). AD 
would be treated optimally in the “presymptomatic” or “pre-
clinical” stages before detectable cognitive impairment happens 
(Sperling et al. 2011).

There are two broad criteria that can define SCD: a self-
experienced persistent decline in cognitive capacity compared 
to previously normal status and unrelated to an acute event, and 
normal performance on standardized cognitive tests, which are 
used to classify MCI (Jessen et al. 2014). In addition, an open 
set of specific features has been proposed as SCD plus (Jessen 
et  al.  2014), such as concerns (worries) associated with sub-
jective cognitive decline; age at onset of subjective cognitive 
decline ≥ 60 years; onset of subjective cognitive decline within 
the last 5 years; feeling of worse performance than others of the 
same age group. These have previously been found to indicate 
an increased association with AD pathology or a particular 
risk of objective decline (Jessen et al. 2014). Globally, there is a 
high prevalence of missed diagnoses for the early stage of AD, 
along with poor rates of follow-up and treatment compliance 
(Alzheimer's disease facts and figures  2024). Sometimes, pa-
tients who come to the clinic seeking treatment already present 
with moderate or severe dementia and have missed the optimal 
time for intervention (Han et al.  2020). The early detection of 
individuals with AD poses a challenge in the field of research.

The current consensus emphasizes the necessity of early detec-
tion of AD, which is based on the neuropathological category 
of amyloid-β deposition, pathologic tau, and neurodegeneration 
[AT(N)] (Jack et al. 2016; Jack et al. 2018). Amyloid-β (Aβ) pos-
itron emission tomography (PET) imaging allows in vivo detec-
tion of fibrillar amyloid-β in neuritic plaques, which is a core 
neuropathological feature of AD. The estimated prevalence of 
Aβ pathology in individuals aged 60– 80 varies from 10% to 33% 
among cognitively normal (CN) subjects (including SCD), and 
from 37% to 60% in those with MCI (Jansen et  al.  2015). The 
high cost and limited accessibility of assessing amyloid pathol-
ogy through PET for screening purposes have constrained its 
clinical applications. The identification of noninvasive methods 
capable of predicting amyloid pathology has the potential to di-
minish reliance on invasive, costly, and time-consuming proce-
dures, thereby significantly enhancing the efficiency of clinical 
assessments for the earlier detection and monitoring of patients 
at risk for neurodegenerative diseases associated with amyloid-
related changes.

In AD progresses, as these pathological deposits accumulate, 
those changes may lead to neuronal dysfunction and even-
tual structural alterations (Wang et  al.  2020). The entorhinal 
cortex and hippocampus, which are preferential target loca-
tions of neurofibrillary tangles (Wang et al. 2020), exhibit sig-
nificant atrophy in patients with Alzheimer's disease-related 
dementia. Structural MRI (sMRI) is a noninvasive brain imag-
ing technique that can detect AD-related morphological alter-
ations, such as medial temporal lobe atrophy, in subjects with 
SCD. Previous structural magnetic resonance imaging studies 
showed that subjects with SCD have a loss of grey matter (GM) 
volume and/or cortical thickness in the areas of hippocampus 
(Flier et al. 2004; Meiberth et al. 2015; Peter et al. 2014); entorhi-
nal cortex (Hu et al. 2019; Meiberth et al. 2015), and frontotem-
poral regions (Saykin et al. 2006; Wang et al. 2020). However, 
the stability and conclusiveness of such alterations are limited in 
individuals with SCD compared to those observed in studies on 
AD and MCI (Parker et al. 2020; Ryu et al. 2017; Sun et al. 2016), 
potentially due to confounds arising from differences in cross-
sectional design or race, as well as sample recruitment. Resting-
state functional MRI (rs-fMRI) is a noninvasive method that 
identifies changes in spontaneous brain activity, regional ho-
mogeneity (ReHo), and interregional functional connectivity 
by assessing fluctuations in low-frequency blood oxygen level-
dependent (BOLD) signals, which may reflect functional deficits 
before the appearance of cognitive decline and brain structural 
atrophy (Sun et al. 2016; Zhang, Wang, et al. 2021). Accumulating 
evidence indicates that the amplitude of low-frequency fluctua-
tions (ALFF) and ReHo are selectively disrupted in individuals 
with SCD compared to healthy controls, such as reporting a 
higher ALFF in the left inferior parietal lobule and right mid-
dle occipital gyrus and a lower ALFF in the posterior cingulate 
cortex (PCC), precuneus, and cerebellum (Sun et al. 2016; Yang 
et al. 2018; Zhang, Wang, et al. 2021), a decreased ReHo in the 
PCC (Sun et al. 2016; Zhang, Cui, et al. 2021) and an increased 
ReHo in caudate nucleus, temporal lobe, and the frontal lobe 
(Sun et al. 2016; Zhang, Cui, et al. 2021).

In recent years, a variety of machine learning methods, such 
as data-driven techniques, have been established to investigate 
strategies that may be applied in the treatment and diagnosis of 
AD. Unlike traditional methods that focus on several predefined 
regions or networks of interest, machine learning techniques 
are capable of fully using the rich information available in neu-
roimaging data. Previous studies have used machine learning 
methods combined with imaging data and achieved many valu-
able results (Pan et al. 2023; Pereiro et al. 2021). Mara and col-
leagues used sMRI to predict amyloid pathology, resulting in 
an AUC = 0.81 in MCI subjects, an AUC of 0.74 in CN subjects, 
and an AUC of 0.85 in the whole sample (Pereiro et al. 2021). 
However, there is a lack of studies utilizing MRI data to estab-
lish a prediction and nomogram model for Aβ positivity in spe-
cific individuals with SCD. Within the brain, the accumulation 
of pathological alterations ultimately results in both structural 
and functional modifications, subsequently contributing to the 
onset of dementia. We propose that subtle early alterations in 
functional and structural domains of the brain may hold signifi-
cance with respect to the underlying Aβ pathology.

In this study, we evaluate the use of easily obtainable sMRI and 
fMRI measures combined with demographics and cognitive 

Summary

•	 There is an urgent need for the prediction of cerebral 
amyloidosis using a noninvasive method to facilitate 
the early diagnosis of AD.

•	 The prediction model we have developed and vali-
dated, based on cognitive, sMRI, and fMRI data, ef-
fectively discriminates Aβ+ in SCD with an AUC of 
88%, a sensitivity of 81%, and a specificity of 85% in the 
test set.

•	 We have constructed a nomogram that holds potential 
for clinical reference in assessing the individual-level 
probability risk of Aβ+ in the brain.
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assessments for the prediction of amyloid pathology in indi-
viduals with SCD. We first selected features using the least ab-
solute shrinkage and selection operator (LASSO) regression 
(Tibshirani 1996; Tibshirani et al. 2005), a regularization tech-
nique commonly employed in machine learning and statistics 
that has proven effective for selecting the most relevant features 
for the response variable. Next, we used logistic regression (LR) 
analysis to develop a multi-variable machine learning classifier 
for predicting brain amyloid pathology in individuals with SCD. 
Moreover, to better assess the probability risk of amyloid posi-
tivity at a single subject level, a nomogram was constructed by 
proportionally converting each regression coefficient derived 
from the LR model.

2   |   Methods

2.1   |   Participants

A total of 204 participants (64.71% females; Mean 
age = 64.66 years; range: 50–84 years) were recruited from the 
Department of Geriatrics, Shanghai Sixth People's Hospital, 
and the community between April 2021 to April 2024. All 
participants have nearly normal eyesight and hearing to fin-
ish neuropsychological measures. Participants with history of 
head trauma, alcoholism, drug abuse, or other neuropsychi-
atric disorders that could potentially impact cognitive func-
tion were excluded. Relevant laboratory tests were carried out 
to exclude metabolic disorders, nutritional deficiencies, such 
as abnormalities in folic acid, vitamin B12, thyroid function, 
and treponema pallidum particle agglutination. All partici-
pants agreed to undergo AV45 PET scans and received struc-
ture magnetic resonance imaging (sMRI) and functional MRI 
(fMRI). This study was approved by the ethics committee of 
the Shanghai Sixth People's Hospital. All participants signed 
an informed consent.

2.2   |   Neuropsychology and Diagnostic Criteria

All participants complete a comprehensive battery of neu-
ropsychological measures, including the Chinese version of 
Addenbrooke's Cognitive Examination-III (ACE-III), Montreal 
Cognitive Assessment Basic Version (MoCA-B) (Chen et al. 2016) 
and domain cognitive tests (memory, language, and executive 
function). The domain cognitive tests included Auditory Verbal 
Learning Test-Huashan (AVLT-H) (Zhao et  al.  2015). Boston 
Naming Test (BNT) (Mack et al. 1992), Animal Verbal Fluency 
Test (AFT) (Zhao, Guo, and Hong  (2013)), Shape Trails Test 
Parts A (STT-A), and Trails Test Parts B (STT-B) (Zhao, Guo, Li, 
et al. 2013). The criteria for SCD were firstly according to the fol-
lowing Jessen's criteria (Jessen et al. 2014); (Jack et al. 2018) a self-
experienced persistent decline in cognition (decline in memory 
domain must be included), which is unrelated to an acute event; 
(Jack et al. 2024) normal performance on standardized cogni-
tive tests used to classify mild cognitive impairment, adjusted 
for age, sex, and education; secondly, meeting more than three 
features of SCD plus (Jessen et al. 2014), such as age at onset of 
subjective cognitive decline ≥ 60 years; onset of subjective cogni-
tive decline within the last 5 years; feeling of worse performance 
than others of the same age group; concerns (worries) associated 

with subjective cognitive decline; a confirmed cognitive decline 
by the informants.

2.3   |   18F-Florbetapir PET Acquisition 
and Preprocessing

18F-florbetapir AV-45 tracer was used to quantify amyloid bur-
den (Clark et al. 2012). The 18F-florbetapir PET scans were per-
formed using a PET/CT system (Biograph mCT Flow PET/CT, 
Siemens, Erlangen, Germany) 50 min after intravenous injec-
tion of 7.4 MBq/kg (0.2 mCi/kg) of 18F-florbetapir and lasted for 
20 min. The PET images were reconstructed using the filtered 
back projection algorithm with corrections for decay and reori-
ented into a standard image grid of size 168 × 168 × 148 voxels 
with cubic voxels measuring 2.04 × 2.04 × 1.5 mm each, along 
with normalization, dead time, photon attenuation, scatter, and 
random coincidences. Three nuclear medicine physicians, all 
of whom are board-certified and experienced in the field, inde-
pendently visually interpreted all 18F-florbetapir PET images 
following the established guidelines for visual rating, ensuring 
blinding to any other relevant information Sabri, Seibyl, Rowe, 
and Barthel  (2015). The qualitative assessment was based on 
Brain amyloid plaque load (BAPL) scores (1: no amyloid load, 2: 
minor amyloid load, and 3: significant amyloid load) according 
to the amount of 18F-florbetapir uptake observed on the lateral 
temporal cortex, frontal cortex, posterior cingulate cortex/pre-
cuneus, and parietal cortex. Results were interpreted into neg-
ative and positive scans (1 = negative scans, 2 and 3 = positive 
scans) Sabri, Seibyl, Rowe, and Barthel (2015).

2.4   |   MRI Data Acquisition and Processing

Data were collected using a 3.0 Tesla scanner (SIEMENS 
MAGNETOM, Prisma 3.0 T, Siemens, Erlangen, Germany). 
Three-dimensional T1-weighted images were acquired using 
a magnetization-prepared rapid gradient-echo sequence in the 
sagittal plane with the following parameters: matrix = 320 × 320, 
field of view = 256 mm × 256 mm, slice thickness = 0.8 mm, voxel 
size = 0.8 mm × 0.8 mm × 0.8 mm, repetition time = 3000 ms, 
echo time = 2.56 ms, inversion time = 1100 ms, flip angle = 7°, 
and number of slices = 208. FreeSurfer (v.6.0.0. https://​surfer.​
nmr.​mgh.​harva​rd.​edu) was used to obtain brain cortical thick-
ness and gray matter volume. The cortical surfaces were au-
tomatically reconstructed and segmented from the structural 
images using the recon-all procedures (https://​surfer.​nmr.​mgh.​
harva​rd.​edu/​).

Resting-State fMRI images were collected by the following pa-
rameters: echo-planar imaging (EPI) sequence, transverse plane, 
repetition time = 800 ms, echo time = 37 ms, flip angle = 52°, 
matrix size = 112 × 112, field of view = 224 mm × 224 mm, 
slice number = 66 slices, slice thickness = 2 mm, and voxel 
size = 2 mm × 2 mm × 2 mm. The scan process obtained 488 vol-
umes and took a total of 390.4 s. Topup (https://​fsl.​fmrib.​ox.​
ac.​uk/​fsl/​fslwi​ki/​topup​) was applied to the EPI distortion cor-
rection (Andersson et  al.  2003), which was based on the FSL 
5.0.9 (https://​fsl.​fmrib.​ox.​ac.​uk/​fsl). The images were further 
processed using the toolbox of Statistic Parametric Mapping 12 
(SPM12, https://​www.​fil.​ion.​ucl.​ac.​uk/​spm/​softw​are/​spm12​) 
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and the RESTplus toolkit (https://​restf​mri.​net/​forum/​​restplus) 
(Jia et al. 2019). The first 10 time points were discarded. Then, 
slice timing and realignment were also conducted to correct 
head motion (head movement: ≥ 3 mm or 3° were excluded). In 
the next step, normalization was performed with isotropic voxel 
size (2 × 2 × 2 mm3). Then, spatial smoothing was used by con-
volving the three-dimensional image with a three-dimensional 
Gaussian kernel with a full width at half maximum (FWHM) of 
6 mm linear. After that, detrending processing and regression 
analyses were carried out to eliminate linear drift and minimize 
the effects of head movement, white matter signal noise, and 
cerebrospinal fluid signal noise. Finally, the previously gener-
ated images were filtered between 0.01 and 0.08 Hz to control 
noise interferences, and fALFF in the normal band was calcu-
lated. ReHo was computed via Kendall's coefficient of concor-
dance (KCC) as a local coherence metric of BOLD signal (Zang 
et al. 2004), with 27 neighboring voxels without smoothing.

2.5   |   Variables Selection and Machine Learning

A total of 315 features were extracted from the MRI, demo-
graphics, and neuropsychological scales data, including 62 
cortical thickness measurements, 62 grey matter volumes, 90 
ReHo values, 90 fALFF values, 2 global neuropsychological 
tests (ACE-III and MoCA-B), 6 domain neuropsychological tests 
(AVLT-LD, AVLT-R, STT-A, STT-B, AFT, and BNT) and 3 demo-
graphic features (age, gender, and education years). Numerous 
variables were collected from participants; however, not all of 
them were deemed useful for establishing the machine learn-
ing model. The selection of task-specific features is a crucial 
procedure for optimizing the performance of the model. Least 
absolute shrinkage and selection operator (LASSO)'s L1 regu-
larization term helps imposing a penalty on the absolute values 
of the coefficients associated with each feature. This encourages 
sparsity in the model, effectively shrinking less important co-
efficients toward zero and selecting only the most informative 
ones (Tibshirani 1996; Tibshirani et al. 2005). Moreover, LASSO 
proves to be particularly useful when dealing with collinearity 
issues among predictor variables (Tibshirani  1996; Tibshirani 
et al. 2005). After that, the remaining features were used to con-
struct a machine learning algorithm. Logistic Regression (LR) is 
a type of probabilistic statistical classification model that can be 
used to predict the classification of nominal variables based on 
certain features. The classification is accomplished by utilizing 
the logit function to evaluate the probability of outcomes. In this 
study, the training and test sets were randomly divided in a ratio 
of 2:8. Utilizing the selected optimal features, we employed LR 
for classification analysis. The test set was utilized to enhance 
the efficiency of these models.

2.6   |   Statistical Analysis

Demographic and scale data for all study participants were 
analyzed using SPSS (version 23.0; SPSS, Chicago, III) and R 
4.3.1 software (https://​www.​Rproj​ect.​org). The Kolmogorov–
Smirnov test was used to evaluate the normality of variable 
distributions. For data with a normal distribution, a t-test was 
used to analyze the differences between groups. For data with-
out a normal distribution, a Mann–Whitney test was performed. 

Continuous variables were shown as the mean with standard 
deviation (SD). Categorical data were presented as frequencies, 
and the differences between groups were examined by Chi-
square test. An LR method was developed to train a machine 
learning model for classification of the participants with Aβ+ 
and Aβ−. Participants were randomly divided into a training 
set and a test set at a ratio of 8:2 using the R “caTools” pack-
age. Least absolute shrinkage and selection operator (LASSO) 
regression analysis was used for variable selection by R “glm-
net” package. The error value of cross-validation is 10-fold, and 
the maximum number of iterations is 100. After selecting the 
variables in the LASSO, univariate logistic regression analysis 
(R “rms” package) was used to further screen the variables with 
clinical significance. Then, we used multivariate logistic regres-
sion analysis (“glm” function and R “rms” package) to construct 
the prediction model. Backward step-wise selection was applied 
by using the likelihood ratio test with Akaike's information cri-
terion (AIC) as the stopping rule (Collins et al. 2015; Sauerbrei 
et al. 2011). The variance inflation factor (VIF) was used to di-
agnose the collinearity of each variable, with VIF values greater 
than 10 indicating severe multicollinearity. The nomogram is 
based on proportionally converting each regression coefficient 
in logistic regression to a 0–100 points scale. For clinical use of 
the model, the total scores of each patient were calculated based 
on the nomogram. “pROC” package and “reportROC” package 
were used for receiver operating characteristic curve (ROC) and 
testing the quality of the model. The “rms” package was used to 
draw and calculate the calibration curve, along with conducting 
the Hosmer-Lemeshow test using the hoslem.test function.

3   |   Results

3.1   |   Characteristics of the Study Population

In this study, a total of 204 participants were analyzed. The 
mean age of the participants was 64.66 ± 7.67 years, 132 women 
and 72 men. Table 1 shows the demographic and clinical char-
acteristics of SCD with and without Aβ+. The SCD- and SCD+ 
did not differ in age (64.27 ± 8.04 vs. 65.07 ± 7.29), education 
years (12.29 ± 2.94 vs. 12.39 ± 2.80), ACE-III (81.06 ± 8.21 vs. 
81.28 ± 8.59), STT-A (47.93 ± 16.13 vs. 47.43 ± 14.02), STT-B 
(123.10 ± 38.91 vs. 127.80 ± 43.60), AFT (17.52 ± 3.98 vs. 
16.76 ± 4.05), and BNT (24.09 ± 3.39 vs. 23.76 ± 3.54). There was 
a significant difference in gender between SCD− and SCD+ 
(p < 0.05). The MoCA-B (25.38 ± 2.58 vs. 25.13 ± 3.24), AVLT-LD 
(5.58 ± 2.35 vs. 4.69 ± 2.78), AVLT-R (21.99 ± 1.55 vs. 20.79 ± 2.78) 
in the SCD− group were significantly higher than that in the 
SCD+ group (all p < 0.05). Table 2 summarizes the clinical and 
demographic characteristics of the study set in the SCD group. 
All participants were randomly divided 8 to 2 into a training set 
and a test set; no significant differences were found between 
those two groups.

3.2   |   LASSO Regression Filtration 
and Development of a Prediction Model

By LASSO regression filtration, 315 features were reduced to 
8 features (Figure  1A,B), including cortical thickness of right 
lateral orbitofrontal, right middle temporal, and right rostral 

https://restfmri.net/forum/restplus
https://www.rproject.org
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anterior cingulate; the gray matter volume of right inferior 
temporal; the ReHo value of left PCG and right STG; as well 
as MoCA-B and AVLT-R. On logistic regression analysis using 
backward selection to test the independent significance of vari-
ables, with results reported as odds ratio (95% CI), right rostral 
anterior cingulate (0.08 [0.01, 0.39]), right inferior temporal 
(0.00 [0, 2.27]), left PCG (0.28 [0.08, 1.04]), right STG (0.07 [0.01, 
0.48]), MoCA-B (0.85 [0.73, 1.00]), and AVLT-R (0.75 [0.62, 0.91]) 
(Table 3). The inclusion of these factors led to the minimization 
of the AIC (187.40) in the prediction model. The model that in-
corporated the above features was developed and presented as 
the nomogram (Figure 2). The calibration curve for the proba-
bility of Aβ+ in the training set and test set demonstrated good 
agreement between prediction and observation (Figure  3A,B). 
The Hosmer-Lemeshow test yielded a nonsignificant statistic 
in the training set and test set (p = 0.975 and p = 0.397, respec-
tively), which suggested that there was no departure from per-
fect fit.

3.3   |   Diagnostic Performance and Model 
Validation

The analysis results of the ROC curve were displayed 
(Figure  3C,D). This model yielded an AUC = 0.78 (95% CI: 
0.71–0.85) to identify Aβ+ participants from Aβ− (Table 4) in 
the training set. The sensitivity, specificity, positive predictive 
value (PPV), negative predictive value (NPV), positive likelihood 
ratio (PLR), and negative likelihood ratio (NLR) were 0.67, 0.77, 
0.74, 0.71, 2.97, and 0.43 in the training set. In the test set, the 
model yielded an AUC = 0.88 (95% CI: 0.78, 0.98). The sensitivity, 

specificity, PPV, NPV, PLR, and NLR were 0.81, 0.85, 0.85, 0.81, 
5.40, and 0.23 in the test set.

4   |   Discussion

In this study, we constructed and validated a machine-learning 
logistic regression model that could predict amyloid status in the 
SCD group based on a combination of cognitive, sMRI-based, 
and fMRI-based data. The AUC was 88% in the test set, with a 
sensitivity of 81% and specificity of 85% for discriminating am-
yloid positivity in SCD. Additionally, we have established a no-
mogram that holds potential for clinical reference in assessing 
the individual-level probability risk of Aβ+ in the brain. These 
results are of interest to clinicians as they can inform decisions 
regarding patient enrollment in clinical trials and facilitate the 
development of a valuable tool for evaluating the likelihood 
of amyloid deposits in patients, which is beneficial for clinical 
decision-making.

The AUC of 88%, accuracy of 83%, sensitivity of 81%, and spec-
ificity of 85% obtained in the test set were comparable to those 

TABLE 1    |    Demographic and clinical characteristics of SCD with 
Aβ− and Aβ+.

Characteristic
SCD− 

(n = 104)
SCD+ 

(n = 100) pa

Age (years) 64.27, 8.04 65.07, 7.29 0.457

Sex (F/M) 75/29 57/43 < 0.05

Education years 12.29, 2.94 12.39, 2.80 0.810

ACE-III 81.06, 8.21 81.28, 8.59 0.904

MoCA-B 25.38, 2.58 25.13, 3.24 < 0.01

AVLT-LD 5.58, 2.35 4.69, 2.78 < 0.05

AVLT-R 21.99, 1.55 20.79, 2.78 < 0.001

STT-A 47.93, 16.13 47.43, 14.02 0.810

STT-B 123.10, 38.91 127.80, 43.60 0.417

AFT 17.52, 3.98 16.76, 4.05 0.178

BNT 24.09, 3.39 23.76, 3.54 0.502

Note: Data are presented as mean, SD.
Abbreviations: ACE-III, Chinese version of Addenbrooke's Cognitive 
Examination-III (ACE-III); AFT, Animal Verbal Fluency Test; AVLT-LD, 
Auditory Verbal Learning Test-Long-term delayed recall; AVLT-R, Auditory 
Verbal Learning Test-Recognition; BNT, Boston Naming Test; F, female; M, 
male; MoCA-B, Montreal Cognitive Assessment Basic; PET, Positron emission 
tomographySCD+, SCD with Aβ+; SCD−, SCD with Aβ−; STT-A, Shape Trails 
Test Parts A; STT-B, Shape Trails Test Parts B.
aRepresents comparison between SCD and SCD+.

TABLE 2    |    Demographic and clinical characteristics of the study set 
in SCD group.

Characteristic
Entire 
dataset

Training 
set

Test 
set pa

No. of subjects 204 163 41

Age (years) 64.66, 
7.67

65.13, 7.43 62.73, 
8.41

0.075

Sex (F/M) 132/72 107/56 25/16 0.745

Education years 12.34, 
2.86

12.34, 2.90 12.36, 
2.75

0.957

ACE-III 81.12, 
8.28

81.05, 8.06 81.16, 
8.10

0.673

MoCA-B 25.33, 
2.71

25.38, 2.58 25.13, 
3.24

0.598

AVLT-LD 5.14, 
2.60

5.16, 2.57 5.05, 
2.78

0.803

AVLT-R 21.40, 
2.31

21.42, 2.41 21.33, 
1.86

0.815

STT-A 47.69, 
15.09

47.68, 
15.17

47.70, 
14.97

0.995

STT-B 125.40, 
41.24

126.26, 
43.49

121.90, 
30.52

0.550

AFT 17.15, 
4.02

17.14, 3.92 17.18, 
4.48

0.961

BNT 23.93, 
3.46

23.93, 3.49 23.90, 
3.39

0.957

PET visual 
result (+/−)

100/104 79/84 21/20 0.623

Note: Data are presented as mean, SD.
aRepresents comparison between training set and test set. In training set and 
test set, the baseline and clinical characteristics were basically similar.
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FIGURE 1    |    Features selection by least absolute shrinkage and selection operator (LASSO). (A) A coefficient profile plot was produced against 
the log lambda sequence. LASSO coefficients profiles (y-axis) of the 12 features. (B) Ten-fold cross-validation for tuning parameter selection in 
the LASSO model. The partial likelihood deviance (binomial deviance) curve was plotted versus log(λ). To avoid overfitting, 1 standard error was 
selected.

TABLE 3    |    Multivariate Logistic Regression Analysis in the training set.

Variable β OR (95% CI) p VIF value

rh_rostralanteriorcingulate −2.58 0.08 (0.01, 0.39) 0.002 1.18

inferiortemporal_R −6.23 0.00 (0, 2.27) 0.083 1.03

ReHo_PCG_L −1.26 0.28 (0.08, 1.04) 0.057 1.15

ReHo_STG_R −2.68 0.07 (0.01, 0.48) 0.007 1.06

MoCA-B −0.16 0.85 (0.73, 1.00) 0.046 1.20

AVLT-R −0.29 0.75 (0.62, 0.91) 0.004 1.24

Note: rh_rostralanteriorcingulate: mean thickness of rostral anterior cingulate in the right hemisphere; inferiortemporal_R: the gray matter volume of right inferior 
temporal; ReHo_PCG_L: the ReHo value of left posterior cingulate gyrus; ReHo_STG_R: the ReHo value of right superior temporal gyrus; OR: odds ratio; CI: 
confidence interval; VIF: variance inflation factor. Backward step-wise selection was applied by using the likelihood ratio test with Akaike's information criterion 
(AIC) as the stopping rule. AIC = 187.40.

FIGURE 2    |    Nomogram for the prediction model. The nomogram was developed in the training set. For instance, with the help of the nomogram 
model, we can see that a person with a ReHo_PCG_L value of 0.8, a ReHo_STG_R value of 0.3, an inferiortemporal_R value of 0.84, a rh_rostralan-
teriorcingulate value of 2.2, an AVLT-R score of 17, and a MoCA-B score of 16, might have approximately an 83% chance of Aβ+.
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reported in previously published studies on the prediction of 
amyloid pathology in cognitively unimpaired subjects based on 
sMRI and fMRI data (Li et al. 2022; Li et al. 2023; Mehdipour 
Ghazi et al. 2024; Momota et al. 2024; Petrone et al. 2019; Ten 
et al. 2018; Tosun et al. 2021; Zhuang et al. 2024), some of which 
were validated using global public datasets, such as ADNI data-
set (Li et al. 2023; Tosun et al. 2021; Zhuang et al. 2024). The 
models employed in those studies, some of which exclusively 
utilized structural magnetic resonance data, while others in-
corporated diffusion-weighted imaging (DWI) or a combination 
with clinical data, had an AUC of machine learning models 
for predicting amyloid positivity in cognitively normal elders 
that ranged from 0.67 to 0.90 (Mehdipour Ghazi et  al.  2024; 
Momota et al. 2024; Petrone et al. 2019; Ten et al. 2018; Zhuang 
et al. 2024). The models employed fMRI data for predicting am-
yloid positivity; the accuracy of these models ranged from 64.3% 

to 78.8% (Li et al. 2022; Li et al. 2023). The machine learning 
models using imaging data may potentially exhibit superior per-
formance compared to the models utilizing demographics (age, 
sex, education, race, family history, body mass index, marital 
status, and ethnicity), cognitive measures (free recall, ACE-III, 
immediate recall, digit symbol substitution, and delayed logical 
memory scores), and risk factors (APOE4 status), which exhib-
ited an AUC that ranged from 0.60 to 0.73 (Petersen et al. 2022).

After performing variable selection using LASSO, demographic 
variables were excluded, while cognitive scales and MRI vari-
ables were retained. The variables included the cortical thick-
ness of the right rostral anterior cingulate, the grey matter 
volume of the right inferior temporal, the ReHo values of the 
left posterior cingulate gyrus (PCG) and right superior temporal 
gyrus (STG), as well as MoCA-B and AVLT-R. The high AUC 

FIGURE 3    |    The calibration curves of the model in the training set (A) and test set (B), and ROC curves of the prediction model in training (C) 
and test (D) groups. A: Training set; B: Test set; C: Training set; D: Test set. Calibration curve: The black solid line above the x-axis represents sample 
distribution. The dotted lines on the diagonal represent the perfect prediction of the ideal model, and the solid lines represent the performance of 
the training set and the test set. The closer the solid line is to the dotted line, the better the predictive effect. The x-axis represents the predicted Aβ 
positive risk, and the y-axis represents the actual Aβ status.
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value obtained for the cognitive measures, as well as the struc-
tural and functional variables in individuals with SCD, suggests 
that early-stage amyloid-related neurodegeneration in AD may 
be correlated with subtle changes in brain structure, function, 
and neuropsychological measures.

In the early stages of the disease, functional alterations may pre-
cede structural changes in the brain. ReHo reflects local neural 
activity by demonstrating synchronization of the BOLD signal, 
which can be disrupted by pathological Aβ deposits leading to 
functional impairments in the brain. Previous imaging studies 
have revealed significant atrophy or reduced cortical thickness 
in the ITG, ACC, and PCG regions among individuals with MCI 
or SCD (Guerrier et al. 2018; Jones et al. 2005; Lim et al. 2019; Wu 
et al. 2023). The cingulate cortex, located on the medial surface 
of the brain, is a structurally and functionally heterogeneous re-
gion. It can be further divided into two distinct sub-regions: the 
anterior cingulate (ACC) and posterior cingulate (PCC) cortex. 
The ACC is potentially involved in cognitive control; the reduc-
tion of awareness in AD, the rACC, and PCC areas have been 
verified to be susceptible to neuropathological alterations and 
cerebral Aβ deposition associated with AD (Kautzky et al. 2018; 
Sheline et al. 2010). The STG serves as the auditory language cen-
ter, which can result in receptive aphasia if it gets damaged. Prior 
research has indicated that the STG is among the brain regions 
impacted by MCI and the early stages of AD (Ding et al. 2009); it 
plays a crucial role in encoding episodic memory, comprehending 
language, and processing speech. Multiple studies have reported 
that a decreased ReHo in the STG was found in individuals with 
MCI (Liu et al. 2021; Luo et al. 2018), and the ReHo value of the 
STG exhibited a correlation with Aβ level (Luo et al. 2018).

In our study, the model was constructed by integrating neuro-
psychological measurements (MoCA-B and AVLT-R) with im-
aging indicators through a feature selection process, thereby 
enhancing the predictive efficacy beyond sole reliance on neuro-
psychological scales as compared to the previous study (Petersen 
et  al.  2022). In the stage of SCD, individuals typically exhibit 
intact cognitive abilities and function normally in their daily 

lives. The diagnosis of SCD does not rely on neuropsychological 
measurements, which primarily serve to exclude MCI. However, 
in individuals with SCD, more than half of the population may 
indicate concurrent objective cognitive decline on neuropsy-
chological assessments, which does not reach the criterion for 
MCI (Cheng et  al.  2023). This type of subtle cognitive decline 
has been demonstrated to be associated with future amyloid 
accumulation and neurodegeneration (Thomas et  al.  2020). 
When we do not assess the AD-related biomarkers in elders, it 
is difficult to distinguish whether the subtle cognitive decline on 
neuropsychological measurements is age-related or AD-related. 
We propose that detectable cognitive decline may arise from the 
accumulation of subtle structural or functional changes within 
the brain. The composite model integrates objective neuropsy-
chological assessments and subtle neuroimaging information, 
although these indicators may not possess significant indepen-
dent value during the early stages of the disease.

Assessment of disease stages is crucial for determining plans of 
treatment and therapeutic intervention. Following SCD, indi-
viduals do not exhibit significant neurological complications or 
physical symptoms. Recently, the emergence of immunothera-
pies targeting Aβ and disease-modifying therapies (DMTs) such 
as Lecanemab, Aducanumab, and Donanemab offers renewed 
hope for patients with Alzheimer's disease (AD). Accurate and 
timely diagnosis of AD-related SCD would facilitate early in-
tervention in the progression of the disease. Nomograms have 
gained significant popularity in the medical field due to their 
ability to integrate multiple risk factors and accurately predict 
medical outcomes and prognosis. This study demonstrated that 
the novel nomogram performed well in predicting Aβ+ in indi-
viduals with SCD, which is promising as a noninvasive method 
for identifying individuals at high risk of Aβ+.

Although there have been some excellent reports on the pre-
diction of Aβ positivity using machine learning methods in 
elders with cognitively unimpaired (Long et al. 2022; Petersen 
et al. 2022; Petrone et al. 2019), to our knowledge, there is a pau-
city of literature utilizing MRI data and presenting a nomogram 
model for predicting Aβ positivity in specific individuals with 
SCD. There were several limitations in this study. Firstly, the 
determination of Aβ positivity was solely based on amyloid-PET 
scan results; however, in the preclinical stage, CSF Aβ analysis 
may provide enhanced sensitivity according to one recent study 
(Jansen et al. 2022). Second, the accuracy of machine learning is 
expected to be influenced by the quantity of available samples. 
However, our investigation was limited by a small sample size. 
Therefore, future research efforts will require larger sample sizes 
and the inclusion of independent test datasets. Third, potential 
selection bias was inevitable in retrospective analysis; although 
the cross-sectional design enabled modeling of the relationships 
between biomarkers performed at a single time, longitudinal 
follow-up data might enhance model performance. Fourth, the 
results of cognitive tests may be influenced by certain subjec-
tive factors, such as educational attainment, health status, and 
affective state. The participants selected for this study did not 
have severe comorbidities or family histories. Our model may 
not be applicable to elders with serious medical conditions or 
emotional problems. Fifth, our samples were obtained from one 
cohort in a single center, and the use of the same PET-CT and 
MRI scanner may potentially lead to overfitting for establishing 

TABLE 4    |    Accuracy of the prediction of the Nomogram.

Variable

Value (95% CI)

Training set Test set

Area under curve 0.78 (0.71, 0.85) 0.88 (0.78, 0.98)

Accuracy 0.72 (0.72, 0.73) 0.83 (0.82, 0.84)

Sensitivity 0.67 (0.57, 0.78) 0.81 (0.64, 0.98)

Specificity 0.77 (0.68, 0.86) 0.85 (0.69, 1.00)

Positive predictive 
value

0.74 (0.63, 0.84) 0.85 (0.69, 1.01)

Negative predictive 
value

0.71 (0.62, 0.81) 0.81 (0.64, 0.98)

Positive likelihood 
ratio

2.97 (1.94, 4.54) 5.40 (1.86, 15.64)

Negative likelihood 
ratio

0.43 (0.30, 0.60) 0.23 (0.09, 0.55)
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the model. The AUC is 88%, accuracy is 83%, sensitivity is 81%, 
and specificity is 85%.

5   |   Conclusion

In this study, we established and validated a machine-learning 
logistic regression model in individuals with SCD based on de-
mographics, cognitive, sMRI, and fMRI-based data, which could 
predict amyloid status in a Chinese cohort. Our model achieved 
83% accuracy to predict Aβ-positivity in the brain, with an AUC 
of 88%, sensitivity of 81%, and specificity of 85% in the test set. 
Notably, we have constructed a nomogram that holds potential 
for clinical reference in assessing the individual-level probabil-
ity risk of Aβ+ in the brain. This noninvasive and easily acces-
sible method may have numerous applications, including aiding 
in the early identification of potential AD patients, facilitating 
enrollment in Alzheimer's disease drug clinical trials, monitor-
ing individuals at high risk of Aβ+ development, and assessing 
the effectiveness of Alzheimer's disease treatments. The pre-
liminary findings support the necessity for further multicenter 
investigations utilizing noninvasive imaging features to predict 
Aβ status in future studies.
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