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Abstract
Background: Predicting the risk of disease progression from mild cognitive impairment (MCI) to
Alzheimer's disease (AD) has important clinical signi�cance. This study aims at providing a personalized
MCI-to-AD conversion prediction via radiomics-based predictive modeling (RPM) with multicentre 18F-
Fluorodeoxyglucose positron emission tomography (FDG PET) data.

Method: Three cohorts of 18F-FDG PET data and neuropsychological assessments were gathered from
patients examined at Huashan Hospital (n=22), Xuanwu Hospital (n=80), and from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI) database (n=355). Of these, amyloid images were selected for the
ADNI and Xuanwu cohorts. First, 430 radiomic features were extracted from the 80 regions of interest
(ROIs) for all PET images. These features were then concatenated for feature selection and an RPM
model was constructed on the ADNI dataset. In addition, we used clinical scale data to establish a clinical
Cox model, and a combined model for comparison. Afterwards, the images from Huashan Hospital were
used to validate the stability and reliability of RPM, and the images from Xuanwu Hospital were used to
explore the differences of biomarkers at different cognitive stages. Finally, correlation analysis was
conducted between the radiomic biomarkers, neuropsychological assessments, and amyloid burden.

Results: Experimental results show that the predictive performance of the PET-modal cox model was
better than clinical cox model. In the two test data sets, the C index of PET model is 0.75 and 0.73,
respectively; The C index of clinical model is 0.68. Moreover, most crucial image biomarkers had
signi�cant differences at different cognitive stages, and were signi�cantly correlated with cognitive ability
and the amyloid global level standardized uptake value ratio.

Conclusion: The preliminary results demonstrated that the developed RPM approach has the potential to
monitor the progress in high-risk populations with AD.

1 Introduction
Alzheimer's disease (AD) is the most common neurodegenerative disease, and its main manifestations
include abnormal deposition of pathological proteins (such as β-amyloid and tau-neuro�brillary tangles)
resulting in neurological dysfunction [1, 2]. Mild cognitive impairment (MCI) is considered a prodromal-
stage with high-risk for the individual’s ultimate conversion to AD. However, the neuropathological
substrates of MCI are heterogeneous, many MCI patients remain stable, or even return to a normal state,
while other patients progress to AD [3, 4]. Therefore, it is of great clinical signi�cance to identify the risk
factors and biomarkers for predicting the progression from MCI to AD.

Neuroimaging plays an increasingly important role in the clinical diagnosis of AD, such as magnetic
resonance imaging (MRI) and positron emission tomography (PET), which has been widely used in AD
studies [1, 5, 6]. Several potential imaging biomarkers are regarded as effective predictors of early AD
prediction, such as brain atrophy and glucose hypometabolism [7, 8]. Furthermore, previous studies have
found that 18F-Fluorodeoxyglucose positron emission tomography (18F-FDG PET) is a neuroimaging scan
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that signi�cantly advances the clinical diagnostic value in predicting MCI progression [9–11]. However, in
most cases, the standard uptake value (SUV) is usually used as a biomarker to represent metabolic
information, and it is not enough to provide diagnostic support. Therefore, better biomarkers and
predictive models are needed to assist for MCI-to-AD conversion prediction.

Radiomics aims to extract quantitative data by means of high-throughput mining of image features and
to establish relevant statistical models which might inform a personalized medicine approach [12, 13].
For example, the high dimensional image characteristic, quantitative ‘Coarseness’ value can be used to
represent the spatial change rate level of voxel intensity in the brain (as shown in the Fig. 1), whereas the
SUVs in both brain regions may be same. Similarly, high-throughput quantitative interpretable features
are used to build models after data mining. Radiomics has also been applied to early diagnosis of AD
prediction research, which indicates that radiomics-based predictive modeling (RPM), a data-driven
method for extracting and summarizing the most relevant features from neuroimaging data in order to
construct predictive models, has potential to perform individual-level predictions of MCI progression [14–
19].

Moreover, one challenge is that the stability and reproducibility of radiomic features have not been fully
investigtated, with few studies reporting multi-center data. Considering the shortcomings of existing
studies on radiomics analysis, the primary objective of this work was to investigate the feasibility of RPM
prediction of MCI progression using multi-center FDG PET images. We hypothesize that imaging
biomarkers of MCI progression derived from RPM and PET data can be used to predict individualized
progression risk in MCI patients.

2 Materials And Methods

2.1 Subjects
Three cohorts of patients with PET imaging data were collected, including 355 patients from the
Alzheimer Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu, Cohort I), 22 patients from
Huashan hospital (Cohort II), and 80 patients from Xuanwu hospital (Cohort III). Of these, subjects with
amyloid-PET (Florbetapir F-18 [AV45]) scanning were selected for the Cohort I and III. This study was
approved by institutional review boards of ADNI, Huashan, and Xuanwu hospital, and written informed
consent was obtained from all participants or authorized representatives.

The inclusion criteria for data collection were as follows: 1) Subjects had both MRI and FDG PET scans
and neuropsychological assessments (mini-mental state examination, MMSE) at baseline. 2) For MCI
non-converters, patients did not convert to AD during the three-year follow-up period; for MCI converters,
who converted to AD within three-year. 3) Participants with a bidirectional change of diagnosis (MCI to
AD, and back to MCI) within the follow-up period were excluded. 4) SCD was de�ned by the research
criteria for pre-MCI (SCD) proposed by Jessen et al in 2014 [20]; both MCI and AD dementia patients were
included as cognitive impairment (CI) group.
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2.2 Acquisition protocol
All subjects in this study were scanned by FDG PET and structural T1 MRI imaging. For detailed
information on data acquisition of Cohort I, please refer to the description in the imaging protocol column
of the ADNI database (http://adni.loni.usc.edu/). MRI data in Cohort II were acquired with a 3T MR750
scanner manufactured by General Electric Company. All subjects in Cohort II performed FDG PET
scanning in 3D mode using a Siemens Biograph 64 HD PET/CT at resting state. All subjects fasted for at
least 6 hours before the examination. After intravenous injection of 185 MBq FDG, subjects underwent a
PET scan after resting for 45 minutes. MRI data of in Cohort III were acquired using a 3T TOF PET/MR
scanner produced by General Electric Company. FDG PET data in Cohort III was performed in a 3D mode.
Each subject was instructed to fast for at least 6 hours before the FDG PET scan. Approximately 40
minutes after intravenous injection of 3.7 MB/kg of 18F-FDG, a 35-minute dynamic scan was performed.

2.3 Data pre-processing
Data preprocessing for both PET and MRI images was done by using Statistical Parametric Mapping 12
(SPM12, the Wellcome Department of Neurology, London U.K.) implemented in Matlab 2016b
(Mathworks Inc.). First, original FDG PET image for each subject was registered with corresponding
structural MRI image. Then, MRI images were segmented into gray matter (GM), white matter (WM), and
cerebrospinal �uid (CSF) tissue probability maps using the uni�ed segmentation method. The registered
PET image was spatially normalized to the MNI space using the transformation parameters. Finally, the
normalized PET images were smoothed using an isotropic Gaussian kernel of 8 mm to increase signal-to-
noise ratios. Notably, all FDG PET images were underwent count normalization using the global cortical
uptake to increase individual metabolic differences, as the mean cortical SUVR representing amyloid β
level.

2.4 Radiomics-based predictive modelling analysis
In this study, we implemented RPM method to develop predictive models of brain-behavior relationships
from glucose metabolic data. RPM method included the following steps: 1) radiomics feature extraction,
2) radiomics feature summarization, 3) model building and assessment, and 4) validation of crucial
features.

Feature extraction

To obtain more detailed features, 80 cortical regions from the automated anatomical labeling (AAL) atlas
were used as ROIs. We extracted 430 radiomics features from each ROIs for FDG PET data. In brief, the
most basic features in each ROIs include two parts: �rst-order intensity features (n = 3) and texture
features (n = 40). We extracted features under the combination of different wavelet �lter weights (5 levels)
and quantization of gray levels (2 levels), and the total number of features per ROIs was 430 ((3 + 40) * 5
* 2 = 430). The details of these features could obtain in supplement.

Feature summarization



Page 5/18

The 10-fold cross-validation and Z-normalization strategies were implemented in Cohort I. To reduce the
dimension of features and solve the over-�tting problem, three feature selection methods were performed
separately for training data in Cohort I. The feature selection steps were as follows: 1) Feature stability
analysis: the stable features with Cronbach's alpha coe�cient greater than 0.75 were selected in
longitudinal HC data in Cohort I. 2) Statistical test: t-test and rank sum t-test were used to identify the
features with signi�cant differences (P < 0.01) [21]. 3) Least absolute shrinkage and selection operator
(LASSO).

Model construction and assessment

The Cox model was constructed using radiomics features from FDG PET. Ten-fold cross-validation was
used to evaluate the prediction performance. Cox model was constructed during the training phase while
selecting typical features. The clinical outcome was whether MCI subject was converted to AD. Time of
outcome appearance was the interval between the baseline time and the endpoint. The Cox model was
used in the test dataset to calculate the prognostic index (PI) for each subject. PI was a linear
combination of the selected feature and its coe�cient. The prediction performance of the model was
evaluated using Harrell’s consistency coe�cient (C-index). The C-index of the test dataset was calculated
by PI. In addition, we also counted the number of times each feature participated in model construction. It
is worth noting that the 10-fold cross-validation was also repeated 20 times, and the conserved features
were also identi�ed. These conserved features were used for further analysis.

Clinical Cox model was also constructed using available clinical variables (age, gender, education, and
MMSE) to compare the predictive performance with RPM method. Cohort II data was used for external
validation of the predictive model derived from RPM method.

Validation of crucial features

To further explore the relationship between conserved features and Neuropsychiatric assessments at
different cognitive stages, partial correlation coe�cients were calculated between the features
neuropsychological assessments, and amyloid burden in individual subjects, combining MCI converters
and MCI non-converters in Cohort I and combining SCD and CI subjects in Cohort III. The effects of age,
gender and education were controlled. We also evaluated the differences in the identi�ed features
between HC, MCI-nc and MCI-c in Cohort I and HC, SCD and CI in Cohort III.

To further study the prediction performance of key features of important brain regions, we used features
in the brain regions related to MMSE and amyloid β level as predictors to construct Cox models,
respectively. The prognostic index of each subject was calculated according to the corresponding model,
and then the individuals were strati�ed into high-risk and low-risk prognostic groups according to the
median of prognostic index. Log-rank test was employed to examine the survival difference between
different risk groups. We also combined these features to build a comprehensive Cox model and
evaluated its performance for disease strati�cation.
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As a comparison, the SUVR values of hippocampus, paracingulate gyrus and whole brain area as the
feature were used to construct the SUVR Cox model. The process was the same as described above.

Statistical analysis
The group differences of clinical characteristics were assessed using two-sample t test, χ2 test, one-
sample t test, or Tukey’s test. Log-rank test was employed to examine the survival difference between
different risk groups. P values were 2-tailed, and P < 0.05 was considered statistically signi�cant. All
statistical tests were performed using SPSS 24.0. Cox model were constructed in R (http://www.R-
project.org/) employing the ‘glmnet’ and ‘survival’ packages [22–24].

3 Results

3.1 Subjects
Cohort I included 168 MCI converters, 187 MCI non-converters, and 94 healthy control (HC) subjects that
had two follow-up visits from the ADNI database. Cohort II included 10 MCI converters and 12 MCI non-
converters from Huashan Hospital. Cohort III included 33 HCs, 37 subjective cognitive decline (SCD)
patients, and 10 cognitive impairment (CI) patients were from the Sino Longitudinal Study on Cognitive
Decline project (SILCODE) project. Table 1 shows the demographic information for participants from each
cohort.
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Table 1
The clinical characteristics of all cohorts.

  Group Sex
(M/F)

Age
(years)

Mean 
± SD

Education
(year)

Mean ± SD

MMSE

Mean 
± SD

Amyloid β
level

Conversion time
(months)

Cohort
I

sMCI

(n = 
187)

109/78 72.1 ± 
7.5

16.0 ± 2.6 28.0 ± 
1.6

1.40 ± 
0.22

0

pMCI

(n = 
168)

95/73 74.0 ± 
7.1

16.0 ± 2.6 26.5 ± 
2.2

1.16 ± 
0.20

14.1 ± 8.9

P-value 0.74 a 0.018 b 0.91 b < 
0.001
b

< 0.001 b /

HC (n = 
94)

48/46 72.8 ± 
5.9

16.9 ± 2.4 29.2 ± 
1.2

/ /

Cohort
II

sMCI

(n = 12)

5/7 64.3 ± 
5.7

11.9 ± 2.9 26.9 ± 
1.6

/ 0

pMCI

(n = 10)

6/4 73.5 ± 
4.1

13.7 ± 2.3 25.5 ± 
2.2

/ 25.5 ± 9.6

P-value 0.39a < 0.001
b

0.13 b 0.10 b / /

Cohort
III

HC (n = 
33)

15/18 67.1
4.5

13.1 ± 3.1 29.1 ± 
1.4

/  

SCD (n 
= 37)

8/29 66.0
4.6

12.8 ± 2.8 28.7 ± 
1.7

1.15 ± 
0.08

 

CI (n = 
10)

5/5 65.9
7.2

12.7 ± 3.6 23.4 ± 
3.4

1.30 ± 
0.18

 

3.2 Conserved features in Cox model
Radiomics analysis was used to extract 34 400 features from PET image of each subject. In the 10-fold
cross-validation with 20 repetitions, we chose features that were included in the prediction model more
than two thirds of the time. This resulted in 13 conserved features in the Cox model. The distribution of
conserved features was as follows. The conserved features mainly came from the texture features of the
cingulate cortex, hippocampus, parahippocampal gyrus, precuneus, and other temporoparietal regions.
Table 2 lists the detailed information.
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Table 2
Conserved features in the PET model

Rank Times Labelled
number

Labelled region Gray-
Level

Feature
name

Anatomical

classi�cation

1 196 64 SupraMarginal_R 32 SZHGE Parietal

2 194 37 Hippocampus_L 32 GLV Temporal

3 194 39 ParaHippocampal_L 64 Busyness Temporal

4 185 68 Precuneus_R 64 Correlation Parietal

5 181 33 Cingulum_Mid_L 32 ZP Frontal

6 179 33 Cingulum_Mid_L 32 LZLGE Frontal

7 176 67 Precuneus_L 32 ZSV Parietal

8 157 8 Frontal_Mid_R 32 Skewness Prefontal

9 144 18 Rolandic_Oper_R 64 Contrast Frontalu

10 144 38 Hippocampus_R 64 Correlation Temporal

11 144 68 Precuneus_R 64 Variance Parietal

12 139 34 Cingulum_Mid_R 64 LZE Frontal

13 137 85 Temporal_Mid_L 64 Contrast Temporal

Note: Times: the number of times corresponding feature was selected in the 10-fold cross-validation
with 20 repetitions, R: weights to bandpass sub-bands in wavelet �ltering, Gray-Level: gray level
quantization level, SZHGE: small zone high-gray-level emphasis, GLV: gray-level variance, ZP: zone
percentage, LZLGE: large zone low gray-level emphasis, ZSV: zone-size variance, LZE: large zone
emphasis.

3.3 PET model radiomics analysis predict progression MCI
to AD
Three prediction models were constructed, including PET model, clinical model and combined model
(Clinical + PET). This study compared the prediction performance of three models and identi�ed the
conserved features associated with MCI conversion in each model. The average C-index with multiple 10-
fold cross-validation was used for the prediction performance evaluation. Generally, PET model was far
superior to clinical model (0.753 (0.008) vs 0.684 (0.006) in Cohort I_Test, 0.734 (0.011) vs 0.685(0.006)
in Cohort II). The combined model achieved a best predicition performance (0.766 (0.009) in Cohort
I_Test, 0.798 (0.008) in Cohort II). Table 3 summarized the prediction performance evaluation of each
model.



Page 9/18

Table 3
The prediction performance of each model.

Model Cohort I_Train Cohort I_Test Cohort II

Clinical 0.692 (0.0004) 0.684 (0.006) 0.685(0.006)

PET 0.871 (0.004) 0.753 (0.008) 0.734 (0.011)

Combined 0.884 (0.004) 0.766 (0.009) 0.798 (0.008)

3.4 Validation of crucial image features
Of these identi�ed features, 11 showed signi�cant correlations with the MMSE scores in Cohort I (P < 
0.05) (Fig. 1A); 8 features showed signi�cant correlations with the MMSE scores in Cohort III (P < 0.05)
(Fig. 1A). 7 of the 13 features were signi�cantly associated with the Aβ scores in Cohort I; 5 features were
signi�cantly associated with the Aβ scores in Cohort III (P < 0.05) (Fig. 1A). Figure 1B showed the
correlation of a representative feature, zone percentage (ZP) from the left midcingulate area, with the
MMSE score and Aβ score.

We explored differences of these identi�ed features between healthy controls, MCI non-converters and
MCI converters in Cohort I. The results showed that all 13 features were signi�cantly different between
MCI-c and MCI-nc groups; 10 features were signi�cantly different between MCI-c and HC groups. We also
compared the differences in these features at three cognitive stages in Cohort III. The results showed that
3 features were signi�cantly different between CI and SCD groups; 5 features were signi�cantly different
between CI and HC groups; no differences were found between SCD and HC groups (P < 0.05, Tukey-
Kramer correction) (Fig. 2A). Figure 2B demonstrated examples of feature distributions at different
cognitive stages.

Figure 4 demonstrates the characteristics of the important brain areas found in the study and the brain
area SUVR value and Kaplan-Meier survival curves of Cox model. In the model, 5 features were signi�cant
predictors. The quality of the Cox models was tested with the AIC test (model of crucial features: AIC
value, 1542.74; model of SUVR values: AIC value, 1536.36). For the test dataset, model demonstrated
good separation of groups with high and low risks of conversion to AD. The best strati�cation was
reached with the prognostic index resulting from the PET model (model of crucial features, P < 0.001;
model of SUVR values, P = 0.010).

4 Discussion
In this study, we designed a work�ow for radiomics-based predictive modelling analysis using PET
images. This work�ow extracted a large number of quantitative features from PET images and identi�ed
dozens of crucial image markers. Based upon these markers we built and evaluated Cox regression
models to predict the conversion outcomes results of MCI patients. Notably, as a multi centers research,
we also validated our methodology using external PET data from the Huashan cohort, and explored the
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correlation between crucial image markers and clinical information using images and data from the
Xuanwu cohort. Further, the strati�cation effects of the predictors found in the study and the traditional
SUVR values were compared.

As a result, a total of 34 400 quantitative features were extracted in 80 cortical regions for each modality
of each subject. In this study, two Lasso-Cox models were constructed based on the source of the
features, and the performance of the image-based prediction model was superior to the clinical model.
This may be related to the low sensitivity and higher subjectivity of the neuropsychological scales [1]. The
relatively low predictive performance of clinical models may be improved by further adding PET imaging
information [25].Previous studies have shown that this information could also assist in MCI conversion
prediction [25, 1]. On the external test data set in our study, the performance of the image-based
prediction model is also better than that of the clinical model. These results further demonstrated that the
methodology of this study was stable and reliable, proving the great potential of quantitative features
from PET images to predict MCI conversion.

In this study, we considered all cortical regions as ROIs and extracted quantitative features from them.
Surprisingly, our study found that most of the selected conserved features were located in areas
consistent with previous studies, such as the hippocampus and parahippocampal gyrus in the temporal
cortex, the precuneus and supramarginal gyrus in parietal, and the medial and paracingulate gyri in the
frontal region and so on. In fact, previous studies have described these areas as important regions of
structural changes and metabolic abnormalities associated with MCI conversion [26–28]. They were
vulnerable target for AD pathology. Texture features extracted from these regions were more conducive to
distinguishing MCI-converters from MCI non-converters. In addition to medial temporal lobe atrophy,
atrophy of other brain regions also had additional predictive value for cognitive decline in MCI individuals,
including the cingulate cortex and orbitofrontal cortex [29]. The decreased metabolism in the posterior
cingulate gyrus and precuneus cortex was also one of the markers of progress from MCI to AD [5].
Quantitative features from these regions in PET model were also associated to MCI conversion. In
conclusion, our study again con�rmed that metabolic features from AD pathologically susceptible
regions were more effective in predicting MCI conversion. Moreover, metabolic abnormalities in these
areas could be better presented by high dimensional radiomic features.

Our study also explored the performance of risk group strati�cation derived from an independent Cox
model constructed by using �ve conserved features from the hippocampus, parahippocampal gyrus and
medial paracingulate gyrus in the PET model as predictors, and compared the Cox model constructed by
the SUVR values of the corresponding brain regions and whole brain area. The results showed that high
risk converters and low risk converters could be distinguished signi�cantly in both models and the
predictors found in our research outperform the SUVR value. In addition, our study also evaluated the
changes of these crucial image markers at different cognitive stages in cross-section. Most features were
signi�cantly different between MCI-c and MCI-nc groups, or CI and HC groups. This provides strong
evidence for using radiomic features to track the progress of high-risk individuals, which is very important
for clinical purposes.
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We draw attention to some limitations of this study. First, the sample size in our sub-cohort was relatively
small, which could limit the statistical power and reproducibility of the results. In particular, the limited
samples of the external test set (Cohort II, Huashan) may lead to the uncertainty in the C-index value of
cohort II. We accept that further studies with larger and more heterogeneous external test groups are
required to con�rm our �ndings or refute. Second, this study lies in the lack of in-depth studies on the
pathological mechanism, such as the pathological basis of crucial imaging markers, which could be
further explored by combining genetic information as well as tau pathology in subsequent studies. Third,
due to the lack of longitudinal data, the longitudinal changes of crucial image markers could not be
explored.

5 Conclusions
In this study, we designed a work�ow for radiomics-based predictive modelling analysis on PET images.
Our results demonstrated that the combination of radiomic features extracted in the whole brain from
PET images can more accurately predict MCI conversion, which had good stability and reliability, and can
be used for disease strati�cation management. Moreover, the identi�ed image biomarkers were
signi�cantly associated with cognitive ability and could re�ect the differences at different cognitive
stages. These preliminary tests demonstrated the potential of the RPM method as a clinical auxiliary tool
to help MCI conversion prediction.
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Figures

Figure 1

One case to demonstrate the importance of high dimensional characteristics.
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Figure 2

(A) Correlations between the MMSE score and Aβ scores with a subset of radiomics features. The values
of the color bar re�ected -log(P); a1: correlation with the MMSE scores in Cohort I by combining MCI-nc
and MCI-c group; a2: correlation with the Aβ scores in Cohort I by combining MCI-nc and MCI-c group; a3:
correlation with the MMSE scores in Cohort III by combining SCD and CI group; a4: correlation with the Aβ
scores in Cohort III by combining SCD and CI group; the serial number indicated the feature order. (B)
Scatterplots illustrated a signi�cant correlation, this feature was zone percentage from the left
midcingulate area.
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Figure 3

(A) Group differences of a subset of radiomic features at different cognitive stages. The values of the
color bar re�ected -log(P); a1: HC vs. MCI-nc in Cohort I. a2: HC vs. MCI-c in Cohort A; a3: MCI-nc vs. MCI-c
in Cohort I; a4: HC vs. SCD in Cohort III; a5: HC vs. CI in Cohort III; a6: SCD vs. CI in Cohort III; the serial
number indicated the feature order, corresponding to Tab.2. (B) Examples of feature distributions at
different cognitive stages.
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Figure 4

Hazard ratios for different predictors and Kaplan-Meier survival curves. (A) Hazard ratios for different
feature predictors in the PET model, 5 features from the hippocampus, medial paracingulate gyrus and
whole brain area in PET images as predictors, which were Fea.2, Fea.3, Fea.5, Fea.6 and Fea.10. (B) Risk
strati�cation of test dataset in the PET model (log-rank test, P <0.001). (C) Hazard ratios for SUVR
predictors in the PET model, 5 features from the hippocampus, medial paracingulate gyrus and whole
brain area. (D) Risk strati�cation of test dataset in the PET model (log-rank test, P = 0.010).
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