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Rationale and Objectives: To build a model using white-matter radiomics features on positron-emission tomography (PET) and machine
learning methods to predict progression from mild cognitive impairment (MCI) to Alzheimer disease (AD).

Materials and Methods: We analyzed the data of 341 MCI patients from the Alzheimer’s Disease Neuroimaging Initiative, of whom 102
progressed to AD during an 8-year follow-up. The patients were divided into the training (238 patients) and test groups (103 patients).
PET-based radiomics features were extracted from the white matter in the training group, and dimensionally reduced to construct a psy-
choradiomics signature (PS), which was combined with multimodal data using machine learning methods to construct an integrated
model. Model performance was evaluated using receiver operating characteristic curves in the test group.

Results: Clinical Dementia Rating (CDR) scores, Alzheimer’s Disease Assessment Scale (ADAS) scores, and PS independently predicted
MCI progression to AD on multivariate logistic regression. The areas under the curve (AUCs) of the CDR, ADAS and PS in the training and
test groups were 0.683, 0.755, 0.747 and 0.737, 0.743, 0.719 respectively, and were combined using a support vector machine to con-
struct an integrated model. The AUC of the integrated model in the training and test groups was 0.868 and 0.865, respectively (sensitivity,
0.873 and 0.839, respectively; specificity, 0.784 and 0.806, respectively). The AUCs of the integrated model significantly differed from
those of other predictors in both groups (p < 0.05, Delong test).

Conclusion: Our psych radiomics signature based on white-matter PET data predicted MCI progression to AD. The integrated model built
using multimodal data and machine learning identified MCI patients at a high risk of progression to AD.
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INTRODUCTION
A lzheimer’s disease (AD) is a highly disabling, progres-
sive, neurodegenerative disease, for which there is
currently no effective treatment (1). Mild cognitive

impairment (MCI), an intermediate stage between normal
age-related cognitive changes and dementia, is considered to
be a precursor to AD. Approximately 10%�12% of patients
with MCI progress to AD every year, and early interventions
for MCI may delay this progression or even prevent the occur-
rence of AD entirely (2). Therefore, reliable biomarkers are
urgently required for identifying MCI patients who are at a
high risk for progression to AD and implementing individual-
ized treatments that prevent or slow the development of AD.
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Positron-emission computed tomography (PET) is a func-
tional imaging technique that is widely used to evaluate the
functions of affected brain regions for the clinical assessment
and diagnosis of neurodegenerative diseases (3). 18F-Fluoro-
2-deoxyglucose (18F-FDG)-PET is an excellent predictor of
cognitive impairment, as it can measure the local cerebral glu-
cose metabolism and reveal typical metabolic patterns in sus-
pected AD patients (4).

The whole cerebellum and the cerebellar gray matter are
commonly used as reference regions for analyzing glucose
metabolism on 18F-FDG-PET; however, considerable vari-
ability has been observed in these regions on longitudinal
PET measurements, raising concerns about the suitability of
these structures as reference regions (5). Animal experiments
have shown that white-matter destruction and myelin degen-
eration are the earliest pathological changes in AD (6), and in
AD patients, abnormal amyloid-b metabolism in the cerebro-
spinal fluid is closely related to pathological changes in the
white matter (7). Therefore, the subcortical white matter has
now become the preferred reference region for monitoring
longitudinal changes in AD (8). This method of monitoring
neurodegenerative changes may have inherent robustness for
revealing longitudinal changes in cerebral perfusion and dis-
ease progression, as the results produced are more stable and
may more accurately reflect the degree of disease progression
(9). However, this specific pattern of local glucose metabo-
lism changes is not limited to AD but also occurs in other
degenerative dementias (10). Therefore, the pattern of brain
metabolic changes alone cannot accurately identify MCI
patients who are at a high risk for progression to AD.

Radiomics is an emerging technology that combines medi-
cine and engineering, and is capable of quantifying the inher-
ent heterogeneity or homogeneity of tissues by extracting a
large number of radiomics features, thereby aiding prognostic
predictions and clinical decision-making. The early applica-
tions of radiomics were mainly limited to the field of oncol-
ogy, but the technique is currently also used in the field of
neurology due to its great universality (11). We previously
reported that radiomics based on magnetic resonance imaging
(MRI) of the whole-brain white matter can help predict the
progression of Parkinson disease (12). Another study found
that the application of an artificial intelligence-based algo-
rithm to multimodal data can greatly improve the prediction
of MCI progression to AD (13). Accordingly, we hypothe-
sized that PET-based radiomics features of the white matter
may predict an individual’s risk of progression from MCI to
AD, and that machine learning algorithms may improve the
efficiency of this prediction.

The present study aimed to extract radiomics features asso-
ciated with progression from MCI to AD from PET images
of the white matter region and to use machine learning meth-
ods to combine multimodal data, such as clinical information
and semiquantitative PET data, to construct an integrated
model for predicting which patients are at a high risk of pro-
gressing from MCI to AD.
2

MATERIALS ANDMETHODS

Research Subjects

The case data included in this study were obtained from the
ANDI-2 and ANDI-GO datasets on the official website of
Alzheimer’s Disease Neuroimaging Initiative (https://adni.
loni.usc.edu/). For information about the ethics review related
to the ADNI data, please refer to the website. The ADNI is a
longitudinal multicenter study designed to develop clinical,
imaging, biochemical, and genetic biomarkers for the early
detection and monitoring of AD. The ADNI was launched as
a public-private partnership in 2004 by the National Institute
on Aging, the Foundation for the National Institutes of Health,
and several private companies and nonprofit organizations.
Given that the main goal of ADNI is to determine whether
imaging technology (PET, MRI), clinical and neuropsycho-
logical assessments, and other biomarkers can be combined to
assess the progression of MCI and early-stage AD, we also col-
lected the above data for this study. Specifically, we analyzed
the subjects’ general demographic information, APOE4 gene
status (positive vs. negative), Mini-Mental State Examination
(MMSE) score, Alzheimer’s Disease Assessment Scale (ADAS)
score, and Clinical Dementia Rating (CDR). The inclusion
criteria were as follows: (1) initial diagnosis of MCI and fol-
low-up evaluations, and (2) baseline MRI, PET, and clinical
data. The Exclusion criteria were as follows: (1) lack of relevant
research data, and (2) poor MRI image quality and unable to
register with PET image, and (3) the patient will have bidirec-
tional transformation (MCI progresses to AD and then to
MCI). In total, we enrolled 341 patients with MCI, and 102
of these patients progressed to AD during a follow-up period
of 8 years, and the exact numbers of patient and the specific
ADNI database were found in the Supplementary materials
(Table S2). We divided these patients according to their entry
numbers in the ADNI database as follows: training group, 238
patients and test group, 103 patients. We used data from the
training group to construct a predictive model of AD, and ver-
ified the performance of this model in the test group. The
research protocol is depicted in Figure 1. For details of the
MRI and 18F-FDG-PET data used in this study, please visit
the image protocol section of the ADNI dataset on their offi-
cial website.
FDG-PET Image Acquisition and Preprocessing

The PET images in the ADNI database (https://adni.loni.usc.
edu/) were acquired using General Electric, Philips, and Sie-
mens PET scanners. Each subject was injected with 185 § 18.5
MBq FDG, and 30 min later, a dynamic three-dimensional scan
consisting of six frames of 5 min each was obtained. All frames
were merged to obtain a single image after motion-correction
of all subsequent frames to the first frame. To construct 3D
white-matter regions from the PET images, we used structural
magnetic resonance T1-weighted images for rigid registration
with the PET images. Image processing was performed using
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Figure 1. Research flow chart.
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SPM12 (http://www.fil.ion.ucl.ac.uk/spm/) in MATLAB
2016b (https://ww2.mathworks.cn/products/matlab.html).
First, the original baseline FDG-PET images were registered
with the corresponding structural MRI scans. We used T1-
weighted images as a template for rigid registration, and ensured
that the PET images had identical spacing, voxels, and origin.
Using the unified segmentation method, we segmented the
MRI scans into gray matter, white matter, and cerebrospinal
fluid tissue-probability maps. The registered PET images were
normalized to the MNI space by using transformation parame-
ters. After registration, the PET images could share regions of
interest (ROIs) in the white matter segmented from the struc-
tural T1-weighted images. Pretreatment process can be found
in Supplementary materials.
Radiomics Feature Extraction and Selection

Before extracting the radiomics features, we performed the
following preprocessing steps on the PET images using A.K.
software (Quantitative Analysis Kit, v1.2; GE Healthcare):
each sequence of images was resampled at a 1 £ 1 £ 1 mm3

resolution by linear interpolation, and the gray level of the
images was discretized and normalized to 32 orders. After
preprocessing, the baseline PET images and white-matter
ROIs were imported into the Pyradiomics library (https://
github.com/Radiomics/pyradiomics)(v2.1.1) (14) for Image
Biomarker Standardization Initiative-compliant feature
extraction in the nii format. In all, 279 features were
extracted for each subject, and detailed information on the
features extracted can be found in Supplementary Table S1.
Subsequently, redundant and irrelevant features were
excluded from the training dataset, and only a small set of
radiomics features that were closely related to patient out-
comes were selected in order to obtain good predictive per-
formance. To ensure the accuracy and stability of the features
extracted from the ROIs during the process of feature-
dimensionality reduction, two physicians (radiologists A and
B) corrected the automatically segmented white-matter
regions by removing the cerebellum, brainstem, and any
non-brain tissue from the automatic segments, and modifying
the white-matter segmentation as needed, and we will verify
the segmentation results by importing the PET images first in
ITK-SNAP (http://www.itksnap.org/pmwiki/pmwiki.php)
and then import the images of the white matter region
images. When it is found that there is a slight deviation in the
white matter image on the PET image, such as white matter
areas overlaying gray matter or cerebrospinal fluid areas in the
PET image, two radiologists will manually adjust it at this
time, and these corrections has proved to be necessary. Thus,
two sets of features were obtained, one from the segments
marked by radiologist A and the other from the segments
marked by radiologist B. The Spearman rank correlation test
was used to calculate the correlation coefficient of each fea-
ture between the two sets of features. Features with correla-
tion coefficients > 0.8 were considered as robust (15), and
were further processed using the dimension-reduction meth-
ods minimum redundancy maximum relevance (mRMR)
and gradient boosting decision trees (GBDT) (16). The spe-
cific dimension-reduction process is shown in the Supple-
mentary materials.
Integrated Model Construction

Radiomics biomarkers were selected using logistic regression
analysis of the features remaining after dimensionality reduc-
tion. The biomarkers thus selected were termed the “psy-
choradiomics signature,” and a score was calculated using this
signature for each patient. This score, termed the rad score,
reflected the probability of progression of MCI to AD.
Potential clinical predictors of MCI progression were selected
using the backward stepwise selection method with a stop-
ping rule based on Akaike information criterion in the train-
ing dataset. A model integrating the radiomics signature and
selected clinical features was constructed using machine
3
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learning classifiers, including support vector machine (SVM),
naive Bayes, random forest, and k-nearest neighbor. To avoid
reporting biased results and limit overfitting, we used 10-fold
cross-validation while constructing the integrated model.
Finally, optimal classifiers were selected using accuracy and
kappa values. The output of the integrated model was a
binary prediction of the course of MCI, defined as MCI stabi-
lization or MCI progression.

The kappa value during machine learning was defined as
kappa = (observed accuracy � expected accuracy)/(1 �
expected accuracy) (17).
Validation of the Integrated Model

To quantify the performance of the model, we used receiver
operating characteristic (ROC) curves to assess the perfor-
mance of the integrated model and the Delong test to verify
the difference in diagnostic performance between the inte-
grated model and other clinical predictors (18). The goodness
of fit of the integrated model was analyzed using the
Hosmer-Lemeshow test, and the consistency between the
predicted and actual progression of MCI was visualized using
calibration curves. The clinical net benefit of the integrated
model was determined using decision curve analysis (19). To
analyze the clinical efficacy of the integrated model, we cal-
culated a prognostic index (PI) for each subject. We took the
threshold value of the Youden index of the ROC curve as
the optimal cutoff value (20), and used it to divide the
patients into a progressive MCI group and a stable MCI
group. Then the Kaplan�Meier survival curves based on
ranked PI values were used to compare the rates of MCI pro-
gression to AD between the above groups (21).
Statistical Analysis

Statistical analysis was conducted using MedCalc software
(version 11.2), Python (version 3.5), and SPSS software (version
24.0). The t-test or the Mann-Whitney U test (22) was used
to compare measurement data, while the chi-square test was
used to compare rank data. ROC curve-based metrics (23),
such as accuracy, sensitivity, and specificity, were used to
assess model performance. All statistics were two-way, and
differences with p values of <0.05 were considered to be sta-
tistically significant.
RESULTS

Comparison of Clinical Factors

The clinical data did not significantly differ between the
training and test groups (p > 0.05). In both the training and
test groups, APOE4 gene status; MMSE, CDR, and ADAS
scores; and FDG values significantly differed between the sta-
ble and progressive MCI groups (p < 0.05), whereas the
other clinical data, include the age, gender, education, did
4

not show significant differences between the stable and pro-
gressive MCI groups (p > 0.05; Table 1).
Establishment and Validation of Psychoradiomics Model

A total of 279 features (first-order, grey-level cooccurrence
matrix, grey-level run length matrix, grey-level size zone
matrix, grey-level dependencematrix, neighboring grey tone
difference matrix, log sigma matrix) were extracted in PET
sequence images. According to the condition that the correla-
tion coefficient is greater than 0.8, we retained a total of 237
features. Then, mRMR and GBDT algorithm was used to
reduce the dimension of the remaining features. Thereafter,
10 features were screened to construct the psychoradiomics
model, including three original features and 7 log features
(Fig 2). The specific dimensionality-reduction process can be
found in the Supplementary materials. The areas under the
curve (AUCs) of the psychoradiomics model in the training
and test groups were 0.747 and 0.719, respectively; the corre-
sponding sensitivity was 0.831 and 0.613, and the corre-
sponding specificity was 0.581 and 0.778 (Fig 3).
Integrated Model Construction and Validation

The CDR score, ADAS score, and psychoradiomics signature
were identified as independent predictors of MCI progression
to AD on multivariate logistic regression analysis, and used to
build an integrated model (Table 2). The independent pre-
dictive factors were processed using four machine learning
methods, and the results showed that the model built using
the SVM and KNN method had the had the better perfor-
mance (Fig 4). When the Linear of SVM is 0.1, the model
has the best accuracy and Kappa value. Details of the machine
learning screening results are provided in the Supplementary
materials. The machine learning results show that the classifi-
cation results of the four models of stable MCI and progres-
sion MCI. The integrated model has the best classification
performance, and the AUC values of the training group and
the test group are 86.8% and 86.5%, respectively. The
remaining three models performed obviously lower than the
integrated model with accuracy of 71.9%, 74.2% and 73.7%,
and the sensitivity of 61.3%, 64.5%, 80.7%, respectively; and
specificity of 77.8%, 75% and 56.9%, respectively. To further
showcase the superiority of the integrated model. Calibration
curves showed that in both the training and test groups, the
integrated model had no overfitting as compared to the actual
predicted value, and the integrated model had the best diag-
nostic performance among all the predictors assessed. The
accuracy of the Integrated model, psychoradiomics signature,
CDR score and ADAS score in the training and test groups
were 0.868 and 0.819, 0.755 and 0.741, 0.626 and 0.669,
0.596 and 0.551, respectively. In addition, the AUC of the
integrated model significantly differed from those of other
predictors in the training and test groups (p < 0.05, Delong
test). Decision curve analysis showed excellent net benefit of
the integrated model (Table 3, Fig 5).
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Clinical Evaluation of the Integrated Model

In the training group, ROC curve analysis showed that the
optimal cutoff value corresponding to the threshold value of
the Youden index was 0.2329. Using this cutoff, we divided
the subjects in the training and test groups into those with a
low risk and those with a high risk of MCI progression to
AD. The timing of MCI progression significantly differed
between the low- and high-risk groups (x2 = 94.12 and
35.05, respectively; p < 0.0001) according to the log-rank
test and Kaplan�Meier survival curves analysis. The hazard
ratios (95% confidence interval [CIs]) in the training and test
groups were 12.42 (7.4666�20.6655) and 10.11
(4.7005�21.7502), respectively, indicating that the risk of
MCI progression in the high-risk group was 12.42 times and
10.11 times that in the low-risk group (Fig 6).
DISCUSSION

This study showed that a psychoradiomics signature con-
structed using PET imaging of white-matter regions signifi-
cantly differed between patients with stable MCI and those
with progressive MCI. This indicates that white-matter
regions contain relevant information that may predict the
progression of MCI to AD, which may provide a reliable
method for the clinical analysis of disease progression. We
also found that the rad-score was superior to clinical scale
scores (Fig 5C, 5D), which further confirmed that the PET-
based white-matter radiomics signature could serve as a bio-
marker for identifying MCI progression. The combination of
the radiomics signature and clinical scale scores by using
machine learning methods further improved the prediction
efficiency of the model, which reflects the performance
advantages of machine learning.

Thus far, most of the radiomics-based research on AD has
focused on the hippocampus (24�26) and amygdala (27).
Feng et al. concluded that hippocampal texture is a potential
biomarker for AD, and extracted radiomics features from the
hippocampal region in patients with AD, amnestic MCI, and
normal cognition (28). However, few studies have analyzed
MCI progression based on PET data of white-matter regions.
Shao et al. reported that white-matter damage occurs early in
the course of AD, and is highly likely to be involved in the
pathogenesis of AD (29). Currently, radiomics-based research
on AD, specific white matter fiber tract injury is also a poten-
tial biomarker for AD (30). Cognitive function is affected by
changes in the white matter in patients with MCI (31).
Hence, it is necessary to comprehensively analyze the whole
brain and especially, the white matter. Our results confirmed
that PET-based radiomics features of the white matter can
accurately identify MCI patients who are at a high risk for
progression to AD. This finding may be attributable to the
high amount of information contained in PET images.

Amyloid-b and tau protein deposition in the brain is
known to accelerate MCI progression, and both biomarkers
effectively predict cognitive decline. Although PET can be
5



Figure 2. The 10 radiomics features remaining after dimensionality reduction. The abscissa represents the weighted value of each feature.
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used to quantify both these indicators, the high cost-effec-
tiveness of amyloid- and tau-based PET has limited its clinical
utility. In contrast, 18F-FDG-PET is easier to perform and
shows better predictive performance. Shaffer et al. reported
that among MRI, FDG-PET, and cerebrospinal fluid analy-
sis, only FDG-PET significantly improved the prediction of
MCI progression to AD (32), which further confirms the
clinical application value of FDG-PET.

Combining radiomics and clinical features provides more
reliable information than either feature type on its own for
Figure 3. (A, B) Diagnostic performance of the psychoradiomics signatu
the psychoradiomics signature in the training and testing groups. Values
indicate progressive cases of MCI. Blue indicates progressive cases, and
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disease classification and prediction models. Moreover, neu-
rological diseases such as AD have specific clinical scales that
can detect abnormal cognitive function in the early stage
when CT, MRI, and other imaging studies still do not show
lesions. In this study, we identified the CDR and ADAS
scores as the independent predictors of MCI progression and
used them for the construction of an integrated model. Ranj-
bar et al. grouped subjects according to their CDR scores,
and found that the CDR showed good performance in dis-
tinguishing subjects with no cognitive impairment (CDR
re in the training and test groups. (C, D) Classification performance of
less than 0 indicate stable cases of MCI, and values greater than 0
red indicates stable cases.



TABLE 2. Independent Predictors of MCI Progression on Multivariate Logistic Regression Analysis

Variable Univariate Logistic Regression Multivariate Logistic Regression

OR (95% CI) p value OR (95% CI) p value

Gender 1.208 (0.582, 2.508) 0.611 NA NA
APOE4 1.429 (0.706, 2.891) 0.321 NA NA
Age (years) 0.984 (0.937, 1.035) 0.536 NA NA
MMSE score 1.076 (0.863, 1.341) 0.517 NA NA
CDR score 1.521 (1.041, 2.223) 0.03 1.605 (1.122, 2.296) 0.01*
ADAS score 1.134 (1.059, 1.215) <0.001* 1.132 (1.067, 1.201) <0.001*
Education (years) 1.012 (0.885, 1.156) 0.864 NA NA
FDG 0.391 (0.019, 7.969) 0.542 NA NA
Psychoradiomics signature 2.193 (1.417, 3.395) <0.001* 2.277 (1.52, 3.409) <0.001*

MCI, mild cognitive impairment; OR, odds ratio; CI, confidence interval; APOE4, apolipoprotein e gene; MMSE, mini mental state examina-
tion; CDR, clinical dementia rating; ADAS, alzheimer’s disease assessment scale; FDG, fluorodeoxyglucose.
* indicates significant p values.

Figure 4. Diagnostic performance of models built using different machine learning methods combined with different hyperparameters. The X-
axes represent the accuracy and kappa value, and the Y-axes represent different machine learning methods and hyperparameters.
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TABLE 3. Diagnostic Performance of Each Model in the Training and Test Groups

Predictive Model/Factor Training Cohort Test Cohort

AUC Sensitivity Specificity AUC Sensitivity Specificity

Integrated model 0.868 0.873 0.784 0.865 0.839 0.806
Psychoradiomics signature 0.747 0.831 0.581 0.719 0.613 0.778
ADAS score 0.755 0.606 0.761 0.742 0.645 0.75
CDR score 0.683 0.732 0.539 0.737 0.807 0.569

AUC, area under the curve; ADAS, alzheimer’s disease assessment scale; CDR, clinical dementia rating.

Figure 5. (A, B) Validation curves of the integrated model in the training (A) and test (B) groups. (C, D) Diagnostic performance of the inte-
grated model and individual predictors in the training (C) and test (D) groups. (E, F) Net clinical benefit of the integrated model and individual
predictors in the training (E) and test (F) groups.
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Figure 6. Survival curve analysis of low-risk and high-risk patients in the (A) training and (B) test groups, based on classification according to
the integrated model.
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score, 0) from those with mild dementia (CDR score, 1;
AUC, 0.95), but poor performance in distinguishing between
subjects with CDR scores of 1 and 2 (AUC, 0.56; p = 0.46)
(33). In our study, the AUC of the CDR for predicting MCI
progression was 0.683. A reasonable explanation for the dif-
ference between our finding and that of Ranjbar et al. is that
their sample size was 173, and approximately two-thirds of
their subjects had CDR scores of <1, which is very different
from the distribution of CDR scores in our sample. Further-
more, Aisen et al. argued that clinical scales rely on making a
distinction between stages, whereas AD does not present in
discrete, well-defined stages, but rather as a multifaceted con-
tinuous process (34); hence, clinical scales can only play a sup-
portive role in assessing AD progression, and cannot serve as a
decisive factor.
The good performance of our radiomics-based model is

attributable to not only the inclusion of clinical scales but also
the application of machine learning methods during model
building. Grueso et al. analyzed the data of 116 AD by using
a machine learning algorithm, which only 24 are related to
the prediction of MCI progression (35). To provide clinicians
with more substantial assistance in treatment planning, we
limited our predictions to whether MCI patients would
remain stable or progress to AD, rather than attempting to
classify the subjects into the normal cognition, MCI, and AD
groups. Plant C et al. found that during an average follow-up
of 2.5 years, nine of 24 MCI patients progressed to AD, and
reported that their voting feature intervals-based classifier
achieved approximately 75% prediction accuracy in both the
training and test sets (36). It should be noted that 2 or 3 years
of follow-up may not be sufficient to detect progression to
AD and dementia. In addition, the authors adopted a new
feature-selection algorithm. First, they selected brain regions
with the highest classification accuracy (92%) between AD
and NC and then, extracted the features that predicted MCI
progression from these regions. Finally, they used the Bayes-
ian and voting feature intervals algorithms to improve their
prediction model. These differences probably led to differen-
ces in the final optimal classifiers between our study and the
above study. The above feature-selection method is also
instructive; it achieves relatively considerable accuracy with a
small sample size. Using structural MRI data from the ADNI,
Misra et al. established a model with an accuracy of
0.75�0.80 and an AUC of 0.77 in the progressive MCI
group (n = 27) and stable MCI group (n = 76) (37). In com-
parison, our SVM-based model achieved an AUC of 0.865.
This may be related to two reasons. First, we chose 18F-
FDG-PET for image acquisition. Second, each brain region
has its unique histological characteristics or underlying mech-
anisms. We selected the white-matter region, which is large
and contains a considerable amount of information. Our
results also show that compared to other classifiers, SVM is
associated with higher kappa and accuracy values, which is in
agreement with the findings of Li et al. (38) and Zhang and
Shen (39). These results suggest that SVM may be more suit-
able for predicting the progression of neurodegenerative dis-
eases. But we also need to note that the best kappa of SVM
was still middle moderate, and not yet really in the highly
reproducible range (Kappa�0.75) (17). In fact, general retro-
spective analysis may lead to certain data imbalance, and the
model will be somewhat biased leading to low kappa values.
In this study, there were 239 negative cases (stable group) and
102 positive cases (progressive group), respectively, which
may be due to the imbalance of data distribution resulted in
the moderate efficacy of kappa value.

Our study has some limitations. First, PET images use steps
such as smoothing during preprocessing, and some texture
information is inevitably lost in these processes. Whether this
affects the extracted radiomics features remains to be deter-
mined. Second, this study is a retrospective analysis of pub-
licly available datasets, and requires validation using external
datasets. Won et al. summarized 26 radiomics analyses of
MCI patients in a radiomics quality score system, and found
that external validation was performed in only one study
(3.8%) (41). This reflects the limited access to AD data, and
we are making efforts to improve feature selection, clinical
applicability, and model performance, which is still needs to
be prospective validation from another datasets from set. At
9
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last, the study population was divided into training and test
groups according to the entry numbers of ANDI database,
and the entry numbers were arranged according to the time
when patients were recruited into the ANDI database. How-
ever, that absolutely can introduce a time-based bias as equip-
ment and imaging processing methods have changed with
time.

In conclusion, the radiomics signature that we constructed
based on white-matter regions in PET images can be used as
a biomarker for identifying people with MCI who may prog-
ress to AD. Our psychoradiomics model combined with mul-
timodal data could identify high-risk MCI patients, which
not only improves our understanding of the spectrum of AD
but may also help identify biomarkers for the early detection
of AD and for the monitoring of disease progression.
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