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Abstract 

Background

Distinguishing individuals with cognitive decline (CD), including early Alzheimer’s 

disease, from cognitively normal (CN) individuals is essential for improving diagnos-

tic accuracy and enabling timely intervention. Positron emission tomography (PET) 

captures metabolic brain alterations associated with CD, but its broader applica-

tion is often limited by cost and radiation exposure. To enhance the clinical utility 

of PET while addressing data limitations, we propose a data-efficient framework 

that integrates complementary multi-scale PET representations at voxel-level and 

region-level.

Methods

Voxel-level features were extracted using convolutional neural networks (CNN) 

or principal component analysis networks (PCANet) from [¹⁸F]FDG PET imaging. 

Region-level features were derived from standardized uptake value ratio measure-

ments across predefined brain regions and processed using a deep neural network 

(DNN). These voxel- and region-level information are integrated through direct 

concatenation. For the final prediction, different machine learning models and ensem-

ble technique were applied. The models were trained and validated using 5-fold 

cross-validation on PET scans from 252 participants in the Alzheimer’s Disease Neu-

roimaging Initiative, comprising 118 CN and 134 CD subjects. Additional correlation 

analysis and disease classification comparison with the Mini-Mental State Examina-

tion (MMSE) were also performed.
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Results

In 5-fold cross-validation, CNN, PCANet, and DNN models achieved classifica-

tion accuracies of 0.69 ± 0.04, 0.69 ± 0.06, and 0.82 ± 0.06, respectively. The inte-

grated DNN-CNN model using direct concatenation yielded the highest accuracy 

(0.87 ± 0.05), with a 6.33% improvement in accuracy and reduced standard deviation 

relative to the DNN-only model. Overall, there were an increase of 14.22% in Recall 

(0.77 to 0.88) and an increase of 7.92% in F1-Score (0.82 to 0.88). Moreover, the 

predicted probability of CD showed a significant correlation with MMSE scores, 

and the model achieved higher accuracy, recall, and F1-score than MMSE-based 

classification.

Conclusion

Combining complementary voxel-level and region-level PET representations with 

deep learning improved classification performance over single-representation mod-

els, particularly by enhancing sensitivity to cognitive decline. These findings support 

the potential utility of multi-scale FDG-PET representations for machine learning- 

based cognitive decline detection.

Introduction

Alzheimer's disease (AD) is a progressive neurodegenerative disorder that severely 
impairs cognitive function and activities of daily living (ADLs) [1–3]. As of March 2023, 
the World Health Organization estimates that over 55 million people worldwide are 
living with dementia, with AD being the most common form of dementia accounting 
for 60–70% of cases [4]. AD primarily affects brain regions responsible for memory, 
language, and reasoning, leading to a gradual decline independence and quality of 
life [1–3]. According to the Centers for Disease Control and Prevention, symptoms 
typically emerge after the age of 60, with the risk of AD doubles approximately every 
five years beyond age 65 [5,6].

Mild cognitive impairment (MCI), often regarded as a precursor to AD [7,8], 
involves noticeable cognitive decline that does not yet interfere significantly with 
ADLs [3]. However, over 50% of individuals with MCI progress to dementia within 
five years, with AD being the predominate cause [8,9]. Evidences suggests that early 
intervention at the MCI stage may slow or even reverse the disease progression 
[3,10]. Therefore, MCI related to AD represents a critical window for early diagnosis 
and treatment [11–15]. For this reason, AD and MCI are often grouped under the 
broader term “cognitively decline” (CD), highlighting the importance of early and reli-
able identification in both research and clinical setting.

Among current diagnostic tools, positron emission tomography (PET) plays an 
important role in the evaluation of AD, with different tracers providing complemen-
tary diagnostic information [16–18]. [18F]fluorodeoxyglucose (FDG) PET enables the 
evaluation of cerebral glucose metabolism, revealing underlying neurodegenerative 
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processes [19]. The standardized uptake value ratio (SUVr) has been widely adopted as a semi-quantification metric in 
both research and clinical practice due to its relative simplicity and ease of implementation [20,21].

Recent advances in deep learning have expanded the application of medical imaging for automated disease classifica-
tion, including brain tumor segmentation using magnetic resonance imaging (MRI) [22], coronavirus disease 2019 detec-
tion from lung computed tomography scans [23], and AD classification (MRI and PET) [24]. Studies have explored diverse 
approaches to AD classification using multiple imaging modalities (e.g., MRI, functional MRI, PET) and varying input 
levels (e.g., 3D ROI-based, 3D subject-level, 3D patch-level, and 2D slice-level data) [25,26]. Hybrid models combining 
traditional machine learning (ML) with deep learning methods, as well as multi-institutional collaborations, have also been 
reported [26,27].

For instance, a study using 2,552 PET scans from 836 participants conducted One-vs-All binary classification to distin-
guish each diagnostic group from the others, reporting classification accuracies of 0.74 (CN), 0.59 (MCI), and 0.78 (AD) 
[28]. Another study evaluated a model on 822 subjects (472 AD, 350 MCI) and achieved 0.79 accuracy on a hold-out test 
set (10% of the dataset) and 0.80 balanced accuracy during external validation [29]. Despite relatively limited datasets, 
these results highlight the growing feasibility of PET-based diagnostics in data-limited settings.

PET brain image offers a distinct advantage in detecting physiological changes earlier than structural imaging, offering 
valuable insights for diagnosis and disease monitoring [30,31]. However, PET imaging requires radioactive tracers and 
dedicated imaging infrastructure, making data acquisition expensive and comparatively limited relative to other imaging 
modalities [32,33]. Consequently, developing models that can achieve robust performance with limited training data may 
enhance the clinical utility of PET-based diagnostic tools.

In our study, we present a deep learning framework to identify CD using a limited number of FDG PET scans. Our 
approach integrates both voxel-level and region-level features from the same FDG PET modality, enabling more com-
prehensive analysis. We validated the performance of our feature fusion strategy across different dimensional levels and 
ML classifiers using data from the Alzheimer's Disease Neuroimaging Initiative (ADNI). Finally, to provide insights into the 
model interpretability, we examined the relationship between model-predicted probabilities of CD and the clinical metrics, 
and compared their disease classification performance.

Materials and methods

Data collection and characteristics

Data used in the preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) 
database (adni.loni.usc.edu). The ADNI was launched in 2003 as a public-private partnership, led by Principal Investigator 
Michael W. Weiner, MD. The primary goal of ADNI has been to test whether serial MRI, PET, other biological markers, and 
clinical and neuropsychological assessment can be combined to measure the progression of MCI and early AD.

The research groups included subjects classified as CN, MCI, and AD. A total of 252 subjects were included in the 
study, consisting of 118 CN individuals and 134 patients, which included 70 individuals with MCI and 64 with AD. More-
over, one PET and one MRI scan were collected for each subject. Additional demographic and clinical variables, including 
sex, age, and the Mini-Mental State Examination (MMSE), were obtained when available.

The basic characteristic information of the dataset is stated in Table 1. Next, to avoid potential bias in the classification 
task, the distribution of key demographic variables, specifically sex and age, were examined across the dataset using 
statistical analysis. Moreover, to facilitate the clinical interpretation of our predictions, we analyzed whether there were 
significant differences in the distribution of MMSE between groups.

For PET imaging, we selected FDG PET scans. According to the PET protocols [34], the FDG tracer is administered 
at a dose of 185 MBq (5.0 mCi) with an allowable variation of ±10% across different studies (ADNI1, ADNI GO, ADNI2, 
ADNI3). The selected data are preprocessed including coregistered average, standard images, and voxel sizes with 
uniform resolution (described as “Coreg, Avg, Std Img and Vox Siz, Uniform Resolution”). During the preprocessing, 
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cerebellar gray matter is used as the reference region for SUVr normalization, as described in the ADNI PET document 
[35]. Thus, the collected PET imaging is an SUVr map, representing the relative FDG uptake compared to reference 
region.

For MRI imaging, T1-weighted images were collected within one month before or after the corresponding PET scan for 
the subject. This selection ensured that the MRI data was temporally aligned with the PET scans and MRI imaging is to 
conduct segmentation for region-based PET measurement.

Multi-representational deep learning framework

The framework of our proposed multi-representational deep learning is shown in Fig 1. It consists of four phases: Data 
Preprocessing, Feature Extraction, Feature Fusion, and Classification. From a single imaging modality—FDG PET—two 
types of feature representations are derived during preprocessing: 2D PET slices and regional SUVr values. In the deep 
feature extraction stage, PET images and regional SUVr data are processed using separate deep learning architectures, 
each specialized for spatial or structured input respectively. The extracted features are integrated via direct concatenation 
at the feature fusion stage. The resulting fused feature vector is subsequently utilized as the input to the final ML-based 
classifier with ensemble technique for final prediction

Data preprocessing

The collected PET images were also utilized as inputs for deep learning models. Initially, the scans were resized to 
128 × 128 × 64. To reduce the model size and the number of parameters required, the original 3D PET scans were sliced 
into 2D images. Specifically, 10 slices were extracted from the central region of the 3D PET scan, focusing on the ven-
tricles, particularly in axial slices, for augmentation purpose during training (training and validation set). Additionally, only 
one middle slice was obtained for test set.

For region-based analysis, segmentation, coregistration and regional SUVr extraction were conducted. Freesurfer [36] 
was used for the segmentation of each MRI image. The segmentation output (aseg.mgz) divides the brain into 41 distinct 
regions, with detailed region label provided in S1 Table. Each PET image was coregistered to the corresponding MRI 
image, and average regional activity (expressed as SUVr values) was extracted using the segmented masks. Co- 
registration and SUVr extraction were performed using PMOD (version 3.8; PMOD Technologies Ltd [37]). Regional SUVr 
values were collected for all subjects and organized into tabular data.

To evaluate the model while ensuring its generalizability and robustness, we conducted 5-fold cross-validation. In each 
fold, the dataset was split into training, validation, and test sets in a ratio of 64%, 16%, and 20%, respectively. The split 
was conducted in subject level (the same as PET imaging level) and augmentation is applied after the split. Also, the 
same set division applied for PET imaging and SUVr values.

Table 1.  Basic characteristic information of the dataset.

Characteristic Total CN CD

Total Subjects 252 (100.0%) 118(46.8%) 134(53.2%)

Age, years 75.5 ± 6.4 76.1 ± 5.6 75.1 ± 7.0

Gender (M/F) 132 / 120(52.4% / 47.6%) 61 / 57(51.7% / 48.3%) 71 / 63(53.0% / 47.0%)

MMSE score 26.3 ± 4.9(N = 147) 29.2 ± 1.0(N = 76) 23.2 ± 5.5(N = 71)

The data are presented as mean ± SD or as n (%).

https://doi.org/10.1371/journal.pone.0341995.t001
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Feature extraction

To integrate two different types of data, regional SUVr (tabular data) and 2D slice image (imaging data), deep learn-
ing models are employed to independently extract features from each data type. Deep Neural Networks (DNNs) were 
employed for tabular data, while Convolutional Neural Networks (CNNs) were utilized for imaging data due to their respec-
tive architectures and specialized capabilities, which align with the characteristics of these data types. To address the 
limitation of a small dataset, we utilized EfficientNetB0 [38], a compact and efficient CNN pretrained on ImageNet, and 
applied fine-tuning by unfreezing the last four layers to adapt the model to the target task. All detailed architecture of DNN 
and CNN is stated in S2 and S3 Tables.

Although the performance of CNNs is well recognized in vision tasks including various medical imaging tasks [39], it is 
also well known that a large size of dataset is required for high accuracy. As aiming to performance on smaller dataset, 
we additionally employed a simple neural network, Principal Component Analysis (PCA) Network (PCANet) [40]. PCANet 
follows similar stages as CNN; however, unlike CNNs, it does not require updating the weights of the filters. Instead, the 
filters are derived from PCA, eliminating the need for gradient-based optimization. This makes PCANet easier to imple-
ment and less computationally intensive, particularly for tasks with limited labeled data. All detailed setting for PCANet is 
stated in S4 Table.

Specifically, the regional-based features were derived from three distinct DNN layers: DNN1 (with a feature dimension-
ality of 16), DNN2 (32), and DNN3 (64). Additionally, the original tabular data was incorporated into the fusion process 
and referred to as DNN0 (41). For PET imaging, both a convolutional neural network (CNN) and PCANet were employed. 
CNN features were extracted from three layers: CNN1 (with a dimensionality of 16), CNN2 (32), and CNN3 (1280). CNN3 
corresponds to the final feature representation obtained from the pretrained EfficientNet-B0 model. In the case of PCANet, 
the extracted feature vector had a dimensionality of 128.

Fig 1.  The framework of proposed multi-representational deep learning model.

https://doi.org/10.1371/journal.pone.0341995.g001
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Feature fusion

The extracted features are subsequently fused in a concatenation manner. There are four feature dimension levels for 
each PET imaging and regional SUVr data as described above and fusion is implemented in all possible 16 combination 
ways. Through concatenation, these features form a unified representation, enabling the model to leverage the comple-
mentary information contained within both PET imaging and regional SUVr data.

Classification

ML based classifiers were used to make the final prediction. A total of 12 machine learning classifiers were employed in this study, 
including Random Forest (RF), Extra Trees (ET), Multi-Layer Perceptron (MLP), Naive Bayes (NB), Gradient Boosting (GB), Logistic 
Regression (LR), k-Nearest Neighbors (KNN), Support Vector Machine (SVM), and Decision Tree (DT), all implemented using the 
Scikit-learn library [41]. In addition, eXtreme Gradient Boosting (XGBoost) [42], Light Gradient Boosting Machine (LightGBM) [43], 
and Categorical Boosting (CatBoost) [44] were utilized via their respective official Python libraries. To further boost model perfor-
mance, to enhance robustness, we implemented ensemble methods by combining heterogeneous classifiers from different algorith-
mic families, including RF (tree-based), MLP (neural network), CB (gradient boosting), SVM (kernel-based), and LR (linear model). 
Ensemble strategies such as hard voting, soft voting, and stacking were applied using the predicted probabilities from each model.

Model assessment

Our proposed frameworks and baseline models were compared using evaluation metrics such as precision, recall, F1 
score, accuracy, and the area under the ROC curve (AUC). All performance metrics were evaluated using 5-fold cross- 
validation and reported as the mean and standard deviation across folds. For confusion matrix analysis, predictions from 
all five folds were aggregated to allow for a more stable comparison across models. Among various evaluation metrics, we 
selected the F1-score as the primary performance indicator, as it provides a balanced assessment of precision and recall 
as shown in Eq (1), which serves as a more informative metric in clinical classification tasks due to its sensitivity to both 
false positives (FP) and false negatives (FN) beyond simply considering true positives (TP) and true negatives (TN) [45].

	 F1 = 2precision×recall
precision+recall =

2×TP
2×TP+FP+FN 	 (1)

Interpretability analysis

Beyond binary classification, we clinically evaluate our predictions. Each model generates an output as a probability 
between 0 and 1, which is converted to 0 or 1 using a threshold of 0.5 for final prediction. We assume that the predicted 
probability may reflect the severity of CD. To examine this, we calculate the Pearson correlation coefficient (r) with MMSE, 
which is one of well-known cognitive assessment tool for evaluating various cognitive disorders [46].

Furthermore, we compared the discriminative ability between the models and MMSE. To accomplish this, we re- 
evaluated model performance using only the patients for whom clinical data were available (n = 147). Here, to classify indi-
viduals using MMSE, we categorized those with scores less than 24 as CD and those with scores greater than or equal to 
24 as CN [47]. For this analysis, we used the same predictions generated during the original 5-fold cross-validation and 
computed the performance metrics using all available predictions.

Results

Data characteristics analysis

The distribution of age for both CN and CD can be considered normally distributed since p-value from the Shapiro-Wilk 
normality test is greater than 0.05. With the assumption of normality, we conducted t-test and it showed no significant 
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difference in the age distribution between CN and CD (p-value = 0.20). By chi-square test for sex distribution, we observed 
that there is no significant difference in the distribution of sex between CN and CD (p-value = 0.94). Thus, our dataset con-
structed for classification task dose not exhibit any bias with respect to sex or age.

Total 147 subjects out of 252 subjects are available for MMSE analysis. Firstly, we observed non-normality in the 
distribution of MMSE in both groups from the Shapiro-Wilk normality test (p < 0.001). So, the Mann-Whitney U test 
was employed as non-parametric alternative. According to the Mann-Whitney U test with a one-sided alternative 
hypothesis (greater), CN had significantly higher MMSE score than CD (p < 0.001). As a well-established clinical 
indicator, MMSE showed a statistically significant difference and is thus considered a representative clinical metric 
for further analysis.

Baseline models performance

Firstly, the performance of baseline model is examined. DNN is employed for regional SVUr data (tabular data) while 
CNN and PCANet are utilized for PET imaging. Since PCANet is only a feature extractor, 12 ML classifiers are employed 
to make the final prediction (S5 Table). Among them, XGB shows the highest average F1-score - the primary evaluation 
metric – and showed superior results across all other metrics except for recall. Table 2 presents the performance of the 
three baseline models. Among baseline models, DNN achieved the best performance across all metrics, with an average 
F1-score of 0.82. However, CNN, like DNN, achieves higher precision, while PCANet shows a substantially higher recall.

Fusion model performance comparison

To investigate the performance models across various combinations of feature levels and final classifiers, we firstly 
fixed classifier to RF, which shows the most frequently best-performing classifier, and varied the feature levels. Over-
all, DNN2 has higher average accuracy of 0.86 with standard deviation 0.01 (DNN0: 0.81 ± 0.02, DNN1: 0.85 ± 0.01, 
DNN3: 0.084 ± 0.01) for regional SUVr data. In the case of PET imaging, CNN3 has slightly higher average accuracy 
of 0.85 with standard deviation 0.02 (PCANet: 0.84 ± 0.01, CNN1: 0.84 ± 0.02, CNN3: 0.83 ± 0.03) as shown in Table 
3. The highest F1-score shows 0.87 with the combination of (DNN2, CNN1) and (DNN2, CNN2) (Table 3). They also 

Table 2.  Comparison of baseline model – DNN, CNN, PCANet with XGB.

Data Type Model Accuracy Precision Recall F1-Score AUC

Regional SUVr DNN 0.82 ± 0.06 0.89 ± 0.08 0.77 ± 0.12 0.82 ± 0.08 0.89 ± 0.03

PET imaging CNN 0.69 ± 0.04 0.78 ± 0.07 0.59 ± 0.04 0.67 ± 0.04 0.75 ± 0.05

PCANet with XGB 0.69 ± 0.06 0.69 ± 0.05 0.75 ± 0.08 0.72 ± 0.05 0.69 ± 0.06

Bold text: the highest average value for each metric

https://doi.org/10.1371/journal.pone.0341995.t002

Table 3.  Average F1-score of each feature levels with RF.

DNN0 DNN1 DNN2 DNN3 AVG SD

PCANet 0.84 0.84 0.85 0.84 0.84 0.01

CNN1 0.81 0.85 0.87 0.84 0.84 0.02

CNN2 0.82 0.86 0.87 0.85 0.85 0.02

CNN3 0.78 0.85 0.86 0.82 0.83 0.03

AVG 0.81 0.85 0.86 0.84

SD 0.02 0.01 0.01 0.01

(DNN# and CNN# show different layer types)

https://doi.org/10.1371/journal.pone.0341995.t003
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outperformed in other metrics excepts, and the evaluation results with all metrics for all combinations are reported in 
S6 Table.

Next, fixing the latent variable dimension for (DNN2, CNN1), we conducted a comparative analysis of all ten ML classi-
fiers. Also, ensemble approaches using 5 ML models (RF, MLP, CB, SVM, and LR), denoted by Ensemble, were applied 
with soft voting, stacking, and hard voting. As shown in S7 Table, RF outperforms other individual classifiers in all eval-
uation metrics including a F1-score of 0.87 among single ML classifiers. While the ensemble approach yields marginally 
increasing in all metrics: Accuracy (0.86 to 0.87), Precision (0.88 to 0.89), Recall (0.86 to 0.88), F1-scores (0.87 to 0.88) 
and AUC (0.86 to 0.88) (S8 Table).

Class-wise performance analysis

All baseline and fusion, ensemble models are summarized in Table 4. We denoted the fusion model using RF with fea-
tures from DNN2 and CNN1 as Fusion 1 and the combination of DNN2 and CNN2 as Fusion 2. Corresponding best 
ensemble models are referred to as Ensemble 1 and Ensemble 2.

Compared to DNN – the best performing baseline model, both fusion and ensemble models show improved perfor-
mance. Overall, the average performance become better with smaller standard deviation as a result of feature integration. 
With precision maintained at a similar level, the substantial improvement in recall indicates that the model has become 
more sensitive to true positive (CD) detection.

According to the aggregate confusion matrix in Fig 2, both DNN and CNN models demonstrate strong performance in 
predicting true negatives (CN), with accuracy of 0.88 and 0.81, respectively, whereas PCANet shows a lower prediction 
in this regard. Although PCANet shows the higher accuracy in true positives (CD) compared to its performance on true 
negatives.

Fusion and Ensemble models achieved both true negatives and true positives above 0.85, showing an increase of at 
least 0.08 in true positive compared to DNN. Among these models, Ensemble 1, fusing DNN2 and CNN1 with ensemble 
ML classifier, can be considered as the optimal model with an average F1-score 0.88, true negatives 0.88, and true posi-
tive 0.88.

Interpretability analysis

Moreover, the correlation analysis between MMSE and predicted probabilities from each model was conducted on test set 
(Fig 3). Total 147 subjects of out 252 subjects in all test set during 5-fold cross validation were included. From the analy-
sis, we observed moderate negative relations (−0.8 < r < −0.5) except the probabilities from PCANet, having weak correla-
tion. However, since all correlations have p < 0.001, there is a significant linear relationship between MMSE scores and 
predicted probabilities.

Table 4.  Summary of baseline, fusion, and ensemble models’ performance.

Model Feature Accuracy Precision Recall F1-Score AUC

DNN – 0.82 ± 0.06 0.89 ± 0.08 0.77 ± 0.12 0.82 ± 0.08 0.89 ± 0.03

CNN – 0.69 ± 0.04 0.78 ± 0.07 0.59 ± 0.04 0.67 ± 0.04 0.75 ± 0.05

PCANet – 0.69 ± 0.06 0.69 ± 0.05 0.75 ± 0.08 0.72 ± 0.05 0.69 ± 0.06

Fusion 1 DNN2|CNN1 0.86 ± 0.05 0.88 ± 0.07 0.86 ± 0.03 0.87 ± 0.04 0.86 ± 0.05

Fusion 2 DNN2|CNN2 0.86 ± 0.06 0.89 ± 0.09 0.86 ± 0.03 0.87 ± 0.05 0.86 ± 0.06

Ensemble 1 DNN2|CNN1 0.87 ± 0.05 0.89 ± 0.06 0.88 ± 0.04 0.88 ± 0.05 0.88 ± 0.04

Ensemble 2 DNN2|CNN2 0.87 ± 0.05 0.88 ± 0.07 0.88 ± 0.04 0.88 ± 0.05 0.87 ± 0.05

https://doi.org/10.1371/journal.pone.0341995.t004
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Fig 2.  Confusion matrix for baseline, fusion, and ensemble models.

https://doi.org/10.1371/journal.pone.0341995.g002

Fig 3.  Correlation between MMSE and predicted probabilities from each model.

https://doi.org/10.1371/journal.pone.0341995.g003
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In the classification comparison between MMSE and our optimal model (Ensemble 1), Ensemble model shows higher 
performance except precision across the metrics (Table 5). MMSE has strong ability in correctly identifying CN (higher 
precision), while our model demonstrates superior performance in correctly detecting CD (higher recall). Similar results 
were obtained when performance was summarized as the average across folds (S9 Table).

Discussion

Although many recent studies on Alzheimer’s disease diagnosis have focused on MRI due to its higher spatial resolution, 
PET provides complementary molecular-level information that reflects underlying disease processes such as glucose 
metabolism. This makes PET particularly valuable for identifying cognitive decline, even when structural changes are less 
pronounced. In our study, we developed a deep learning framework that leverages complementary representation derived 
from the same FDG-PET modality by integrating voxel-level image features with region-level PET measurements. While 
voxel-level representations capture spatially distributed metabolic patterns, region-level measurements provide anatomi-
cally aggregated information that may improve robustness and interpretability. By validating this multi-scale single- 
modality representation framework across multiple feature dimensions and classification algorithms, we demonstrate that 
integrating complementary PET representations improve the classification performance, particularly sensitivity for detect-
ing CD, a metric that is critical in clinical setting.

Fusion model with ensemble methods achieved the highest performance with accuracy of 0.87, recall of 0.88, and 
F1-score of 0.88. However, the tabular data based DNN still shows good performance with accuracy of 0.82 and it has 
the highest score in precision and AUC, which implies the regional SUVr has solid physiological information and also 
indicates the high contribution overall integration models. Nevertheless, the integration approaches still show the potential 
of improving in CD sensitivity (recall: 0.77 to 0.88) and more robust performance with lower standard deviation in 5-fold 
cross validation.

In the analysis with MMSE, there was a moderate relation between model prediction and MMSE scores. A higher 
correlation with MMSE did not necessarily indicate better classification performance, as Ensemble 1, which showed the 
best performance, did not have the highest correlation. This is because the CD has a wide range of MMSE, so even good 
CD detection could not have a high correlation with MMSE. Therefore, we examined the performance comparison with the 
diagnosis using MMSE. In the case of MMSE, the recall was relatively low while the precision was 1.00, suggesting that 
MMSE may fail to identify some CD cases. In clinical setting, the final diagnosis is made using multiple sources of infor-
mation, not solely based on MMSE. The output of our model may therefore serve as a valuable diagnostic aid, particularly 
given its high sensitivity to CD compared to MMSE alone.

In our study, there are several limitations. First, many models are involved in our frameworks, so it is complicated to 
make the optimal choice for hyperparameters related to models and we compared the models in general setting. In other 
words, the performance could potentially be further improved through hyperparameter tuning, such as grid search or 
simulated annealing. Another limitation is the relatively small dataset, which reflects the practical constraints of PET-based 
research, where data availability is often limited due to acquisition cost and complexity [32,33]. Preprocessing steps such 
as MRI segmentation and regional SUVr extraction also introduce substantial workflow burden, which may limit scal-
ability in broader clinical setting. Despite of these limitations, evaluating models under such data-constrained conditions 
remains practically important, as these constraints are commonly encountered in real-world clinical practice. To ensure 

Table 5.  Comparison of classification by optimal model and MMSE.

Model Accuracy Precision Recall F1-Score AUC

Ensemble 1 0.88 0.86 0.89 0.88 0.91

MMSE 0.72 1.00 0.42 0.59

https://doi.org/10.1371/journal.pone.0341995.t005
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a transparent and reliable performance evaluation on a small dataset, we employed 5-fold cross-validation and reported 
both the mean and standard deviation of model performance metrics across folds.

Although there are many advantages of PET, PET has lower resolution, and it is a challenging for PET-based model to 
achieving the higher accuracy comparing other modality (such as MRI) derived models. To tackle this challenging, several 
postprocessing strategies could be explored in future work to enhance resolution. Additionally, alternative feature concate-
nation methods, such as canonical correlation analysis (CCA) could be explored to further improve performance. Although 
CCA was tested in our experiments, it did not yield meaningful improvement, possibly due to suboptimal dimensional 
configurations. A more systematic tuning across dimensions may reveal its potential in future work.

Conclusions

This study presented a deep learning framework that integrates complementary voxel-level and region-level representa-
tions derived from FDG PET data for cognitive decline classification. The proposed fusion framework achieved improved 
performance over single-representation models on the ADNI dataset, particularly in identifying cognitively impaired indi-
viduals. A moderate correlation with MMSE scores suggests alignment between model outputs and established cognitive 
assessments. These findings support the potential utility of multi-scale FDG-PET representations in machine learning–
based cognitive decline detection, with implications for clinical diagnostic aid.

Supporting information

S1 Table. List of 41 regions considered for regional SUVr extraction. 
(DOCX)

S2 Table. Summary of DNN architecture. 
(DOCX)

S3 Table. Summary of CNN architecture. 
(DOCX)

S4 Table. Summary of PCANet architecture. 
(DOCX)

S5 Table. PCANet prediction results with different ML classifier. 
(DOCX)

S6 Table. Comparison of fusion models with different feature levels with RF. 
(DOCX)

S7 Table. Comparison of fusion models with different ML classifiers using DNN2 and CNN1 features. 
(DOCX)

S8 Table. Comparison of models with different metrics. 
(DOCX)

S9 Table. Comparison of classification by models and MMSE. 
(DOCX)

Acknowledgments

Data collection and sharing for this project was funded by the Alzheimer's Disease Neuroimaging Initiative (ADNI) 
(National Institutes of Health Grant U01 AG024904) and DOD ADNI (Department of Defense award number 

https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s001
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s002
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s003
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s004
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s005
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s006
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s007
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s008
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0341995.s009


PLOS One | https://doi.org/10.1371/journal.pone.0341995  July 21, 2026 12 / 14

W81XWH-12-2-0012). ADNI is funded by the National Institute on Aging, the National Institute of Biomedical Imaging and 
Bioengineering, and through generous contributions from the following: AbbVie, Alzheimer’s Association; Alzheimer’s Drug 
Discovery Foundation; Araclon Biotech; BioClinica, Inc.; Biogen; Bristol-Myers Squibb Company; CereSpir, Inc.; Cogstate; 
Eisai Inc.; Elan Pharmaceuticals, Inc.; Eli Lilly and Company; EuroImmun; F. Hoffmann-La Roche Ltd and its affiliated 
company Genentech, Inc.; Fujirebio; GE Healthcare; IXICO Ltd.; Janssen Alzheimer Immunotherapy Research & Devel-
opment, LLC.; Johnson & Johnson Pharmaceutical Research & Development LLC.; Lumosity; Lundbeck; Merck & Co., 
Inc.; Meso Scale Diagnostics, LLC.; NeuroRx Research; Neurotrack Technologies; Novartis Pharmaceuticals Corpora-
tion; Pfizer Inc.; Piramal Imaging; Servier; Takeda Pharmaceutical Company; and Transition Therapeutics. The Canadian 
Institutes of Health Research is providing funds to support ADNI clinical sites in Canada. Private sector contributions are 
facilitated by the Foundation for the National Institutes of Health (www.fnih.org). The grantee organization is the Northern 
California Institute for Research and Education, and the study is coordinated by the Alzheimer’s Therapeutic Research 
Institute at the University of Southern California. ADNI data are disseminated by the Laboratory for Neuro Imaging at the 
University of Southern California.

Data used in preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) 
database (adni.loni.usc.edu). As such, the investigators within the ADNI contributed to the design and implementation of 
ADNI and/or provided data but did not participate in analysis or writing of this report.

A complete listing of ADNI investigators can be found at: http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/
ADNI_Acknowledgement_List.pdf

Author contributions

Conceptualization: Youjin Lee, Seonguk Kim, Yeona Kang.

Data curation: Youjin Lee, Seonguk Kim.

Formal analysis: Youjin Lee, Seonguk Kim.

Funding acquisition: Sangil Kim, Yeona Kang.

Investigation: Youjin Lee, Yeona Kang.

Methodology: Youjin Lee, Seonguk Kim, Yeona Kang.

Software: Youjin Lee, Seonguk Kim.

Supervision: Yeona Kang.

Validation: Youjin Lee, Seonguk Kim.

Visualization: Youjin Lee.

Writing – original draft: Youjin Lee.

Writing – review & editing: Youjin Lee, Seonguk Kim, Yeona Kang.

References
	1.	 Zvěřová M. Clinical aspects of Alzheimer’s disease. Clin Biochem. 2019;72:3–6. https://doi.org/10.1016/j.clinbiochem.2019.04.015 PMID: 31034802

	2.	 Blennow K, de Leon MJ, Zetterberg H. Alzheimer’s disease. Lancet. 2006;368(9533):387–403. https://doi.org/10.1016/S0140-6736(06)69113-7 
PMID: 16876668

	3.	 Marshall GA, Amariglio RE, Sperling RA, Rentz DM. Activities of daily living: where do they fit in the diagnosis of Alzheimer’s disease?. Neurodege-
ner Dis Manag. 2012;2(5):483–91. 

	4.	 World Health Organization. Dementia Fact Sheet 2023. Accessed 2025 January 12. https://www.who.int/news-room/fact-sheets/detail/dementia

	5.	 Centers for Disease Control and Prevention. About Alzheimer’s. Accessed 2025 January 12. https://www.cdc.gov/alzheimers-dementia/about/alzhei-
mers.html

www.fnih.org
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
http://adni.loni.usc.edu/wp-content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
https://doi.org/10.1016/j.clinbiochem.2019.04.015
http://www.ncbi.nlm.nih.gov/pubmed/31034802
https://doi.org/10.1016/S0140-6736(06)69113-7
http://www.ncbi.nlm.nih.gov/pubmed/16876668
https://www.who.int/news-room/fact-sheets/detail/dementia
https://www.cdc.gov/alzheimers-dementia/about/alzheimers.html
https://www.cdc.gov/alzheimers-dementia/about/alzheimers.html


PLOS One | https://doi.org/10.1371/journal.pone.0341995  July 21, 2026 13 / 14

	 6.	 Qiu C, Kivipelto M, von Strauss E. Epidemiology of Alzheimer’s disease: occurrence, determinants, and strategies toward intervention. Dialogues 
Clin Neurosci. 2009;11(2):111–28. https://doi.org/10.31887/DCNS.2009.11.2/cqiu PMID: 19585947

	 7.	 Liss JL, Seleri Assunção S, Cummings J, Atri A, Geldmacher DS, Candela SF, et al. Practical recommendations for timely, accurate diagnosis 
of symptomatic Alzheimer’s disease (MCI and dementia) in primary care: a review and synthesis. J Intern Med. 2021;290(2):310–34. https://doi.
org/10.1111/joim.13244 PMID: 33458891

	 8.	 Gauthier S, Reisberg B, Zaudig M, Petersen RC, Ritchie K, Broich K, et al. Mild cognitive impairment. Lancet. 2006;367(9518):1262–70. https://doi.
org/10.1016/S0140-6736(06)68542-5 PMID: 16631882

	 9.	 Plassman BL, Langa KM, Fisher GG, Heeringa SG, Weir DR, Ofstedal MB, et al. Prevalence of cognitive impairment without dementia in the 
United States. Ann Intern Med. 2008;148(6):427–34. https://doi.org/10.7326/0003-4819-148-6-200803180-00005 PMID: 18347351

	10.	 Rasmussen J, Langerman H. Alzheimer’s Disease - Why We Need Early Diagnosis. Degener Neurol Neuromuscul Dis. 2019;9:123–30. https://doi.
org/10.2147/DNND.S228939 PMID: 31920420

	11.	 Petersen RC. Early diagnosis of Alzheimer’s disease: is MCI too late?. Curr Alzheimer Res. 2009;6(4):324–30. https://doi.
org/10.2174/156720509788929237 PMID: 19689230

	12.	 Rosenberg PB, Lyketsos C. Mild cognitive impairment: searching for the prodrome of Alzheimer’s disease. World Psychiatry. 2008;7(2):72–8. 
https://doi.org/10.1002/j.2051-5545.2008.tb00159.x PMID: 18563204

	13.	 Tipton PW, Ertekin-Taner N. Mild cognitive impairment and Alzheimer disease. In: Flemming KD, editor. Mayo Clinic Neurology Board Review. 
Oxford University Press New York; 2021. 662–71. https://doi.org/10.1093/med/9780197512166.003.0077 

	14.	 Buschert VC, Friese U, Teipel SJ, Schneider P, Merensky W, Rujescu D, et al. Effects of a newly developed cognitive intervention in amnestic mild 
cognitive impairment and mild Alzheimer’s disease: a pilot study. J Alzheimers Dis. 2011;25(4):679–94. https://doi.org/10.3233/JAD-2011-100999 
PMID: 21483095

	15.	 Ravona-Springer R, Korczyn AD. Management of Mild Cognitive Impairment. Vascular disease, alzheimer’s disease, and mild cognitive impair-
ment. Oxford University PressNew York; 2020. 458–68. https://doi.org/10.1093/oso/9780190634230.003.0019 

	16.	 Villemagne VL, Doré V, Burnham SC, Masters CL, Rowe CC. Imaging tau and amyloid-β proteinopathies in Alzheimer disease and other condi-
tions. Nat Rev Neurol. 2018;14(4):225–36. https://doi.org/10.1038/nrneurol.2018.9 PMID: 29449700

	17.	 Cohen AD, Klunk WE. Early detection of Alzheimer’s disease using PiB and FDG PET. Neurobiol Dis. 2014;72 Pt A:117–22. https://doi.
org/10.1016/j.nbd.2014.05.001 PMID: 24825318

	18.	 Kato T, Inui Y, Nakamura A, Ito K. Brain fluorodeoxyglucose (FDG) PET in dementia. Ageing Res Rev. 2016;30:73–84. https://doi.org/10.1016/j.
arr.2016.02.003 PMID: 26876244

	19.	 Mosconi L, Tsui WH, Herholz K, Pupi A, Drzezga A, Lucignani G, et al. Multicenter standardized 18F-FDG PET diagnosis of mild cognitive impair-
ment, Alzheimer’s disease, and other dementias. J Nucl Med. 2008;49(3):390–8. https://doi.org/10.2967/jnumed.107.045385 PMID: 18287270

	20.	 Perani D, Schillaci O, Padovani A, Nobili FM, Iaccarino L, Della Rosa PA, et al. A survey of FDG- and amyloid-PET imaging in dementia and 
GRADE analysis. Biomed Res Int. 2014;2014:785039. https://doi.org/10.1155/2014/785039 PMID: 24772437

	21.	 Nugent S, Croteau E, Potvin O, Castellano C-A, Dieumegarde L, Cunnane SC, et al. Selection of the optimal intensity normalization region 
for FDG-PET studies of normal aging and Alzheimer’s disease. Sci Rep. 2020;10(1):9261. https://doi.org/10.1038/s41598-020-65957-3 PMID: 
32518360

	22.	 Isensee F, Jäger PF, Full PM, Vollmuth P, Maier-Hein KH. nnU-Net for brain tumor segmentation. Lecture notes in computer science. Springer 
International Publishing; 2021. 118–32. https://doi.org/10.1007/978-3-030-72087-2_11 

	23.	 Ahuja S, Panigrahi BK, Dey N, Rajinikanth V, Gandhi TK. Deep transfer learning-based automated detection of COVID-19 from lung CT scan 
slices. Appl Intell (Dordr). 2021;51(1):571–85. https://doi.org/10.1007/s10489-020-01826-w PMID: 34764547

	24.	 Song J, Zheng J, Li P, Lu X, Zhu G, Shen P. An Effective multimodal image fusion method using MRI and PET for Alzheimer’s disease diagnosis. 
Front Digit Health. 2021;3:637386. https://doi.org/10.3389/fdgth.2021.637386 PMID: 34713109

	25.	 Wen J, Thibeau-Sutre E, Diaz-Melo M, Samper-González J, Routier A, Bottani S, et al. Convolutional neural networks for classification of Alz-
heimer’s disease: overview and reproducible evaluation. Med Image Anal. 2020;63:101694. https://doi.org/10.1016/j.media.2020.101694 PMID: 
32417716

	26.	 Zhao Z, Chuah JH, Lai KW, Chow C-O, Gochoo M, Dhanalakshmi S, et al. Conventional machine learning and deep learning in Alzheimer’s 
disease diagnosis using neuroimaging: a review. Front Comput Neurosci. 2023;17:1038636. https://doi.org/10.3389/fncom.2023.1038636 PMID: 
36814932

	27.	 Qiu S, Miller MI, Joshi PS, Lee JC, Xue C, Ni Y, et al. Multimodal deep learning for Alzheimer’s disease dementia assessment. Nat Commun. 
2022;13(1):3404. https://doi.org/10.1038/s41467-022-31037-5 PMID: 35725739

	28.	 De Santi LA, Pasini E, Santarelli MF, Genovesi D, Positano V. An explainable convolutional neural network for the early diagnosis of alzheimer’s 
disease from 18F-FDG PET. J Digit Imaging. 2023;36(1):189–203. https://doi.org/10.1007/s10278-022-00719-3 PMID: 36344633

	29.	 Prats-Climent J, Gandia-Ferrero MT, Torres-Espallardo I, Álvarez-Sanchez L, Martínez-Sanchis B, Cháfer-Pericás C, et al. Artificial intelligence on 
FDG PET images identifies mild cognitive impairment patients with neurodegenerative disease. J Med Syst. 2022;46(8):52. https://doi.org/10.1007/
s10916-022-01836-w PMID: 35713815

https://doi.org/10.31887/DCNS.2009.11.2/cqiu
http://www.ncbi.nlm.nih.gov/pubmed/19585947
https://doi.org/10.1111/joim.13244
https://doi.org/10.1111/joim.13244
http://www.ncbi.nlm.nih.gov/pubmed/33458891
https://doi.org/10.1016/S0140-6736(06)68542-5
https://doi.org/10.1016/S0140-6736(06)68542-5
http://www.ncbi.nlm.nih.gov/pubmed/16631882
https://doi.org/10.7326/0003-4819-148-6-200803180-00005
http://www.ncbi.nlm.nih.gov/pubmed/18347351
https://doi.org/10.2147/DNND.S228939
https://doi.org/10.2147/DNND.S228939
http://www.ncbi.nlm.nih.gov/pubmed/31920420
https://doi.org/10.2174/156720509788929237
https://doi.org/10.2174/156720509788929237
http://www.ncbi.nlm.nih.gov/pubmed/19689230
https://doi.org/10.1002/j.2051-5545.2008.tb00159.x
http://www.ncbi.nlm.nih.gov/pubmed/18563204
https://doi.org/10.1093/med/9780197512166.003.0077
https://doi.org/10.3233/JAD-2011-100999
http://www.ncbi.nlm.nih.gov/pubmed/21483095
https://doi.org/10.1093/oso/9780190634230.003.0019
https://doi.org/10.1038/nrneurol.2018.9
http://www.ncbi.nlm.nih.gov/pubmed/29449700
https://doi.org/10.1016/j.nbd.2014.05.001
https://doi.org/10.1016/j.nbd.2014.05.001
http://www.ncbi.nlm.nih.gov/pubmed/24825318
https://doi.org/10.1016/j.arr.2016.02.003
https://doi.org/10.1016/j.arr.2016.02.003
http://www.ncbi.nlm.nih.gov/pubmed/26876244
https://doi.org/10.2967/jnumed.107.045385
http://www.ncbi.nlm.nih.gov/pubmed/18287270
https://doi.org/10.1155/2014/785039
http://www.ncbi.nlm.nih.gov/pubmed/24772437
https://doi.org/10.1038/s41598-020-65957-3
http://www.ncbi.nlm.nih.gov/pubmed/32518360
https://doi.org/10.1007/978-3-030-72087-2_11
https://doi.org/10.1007/s10489-020-01826-w
http://www.ncbi.nlm.nih.gov/pubmed/34764547
https://doi.org/10.3389/fdgth.2021.637386
http://www.ncbi.nlm.nih.gov/pubmed/34713109
https://doi.org/10.1016/j.media.2020.101694
http://www.ncbi.nlm.nih.gov/pubmed/32417716
https://doi.org/10.3389/fncom.2023.1038636
http://www.ncbi.nlm.nih.gov/pubmed/36814932
https://doi.org/10.1038/s41467-022-31037-5
http://www.ncbi.nlm.nih.gov/pubmed/35725739
https://doi.org/10.1007/s10278-022-00719-3
http://www.ncbi.nlm.nih.gov/pubmed/36344633
https://doi.org/10.1007/s10916-022-01836-w
https://doi.org/10.1007/s10916-022-01836-w
http://www.ncbi.nlm.nih.gov/pubmed/35713815


PLOS One | https://doi.org/10.1371/journal.pone.0341995  July 21, 2026 14 / 14

	30.	 Minoshima S, Frey KA, Koeppe RA, Foster NL, Kuhl DE. A diagnostic approach in Alzheimer’s disease using three-dimensional stereotactic sur-
face projections of fluorine-18-FDG PET. J Nucl Med. 1995;36(7):1238–48. PMID: 7790950

	31.	 Mosconi L. Brain glucose metabolism in the early and specific diagnosis of Alzheimer’s disease. FDG-PET studies in MCI and AD. Eur J Nucl Med 
Mol Imaging. 2005;32(4):486–510. https://doi.org/10.1007/s00259-005-1762-7 PMID: 15747152

	32.	 Guedj E, Varrone A, Boellaard R, Albert NL, Barthel H, van Berckel B, et al. EANM procedure guidelines for brain PET imaging using [18F]FDG, 
version 3. Eur J Nucl Med Mol Imaging. 2022;49(2):632–51. https://doi.org/10.1007/s00259-021-05603-w PMID: 34882261

	33.	 Jones T, Townsend D. History and future technical innovation in positron emission tomography. J Med Imaging (Bellingham). 2017;4(1):011013. 
https://doi.org/10.1117/1.JMI.4.1.011013 PMID: 28401173

	34.	 Alzheimer’s Disease Neuroimaging Initiative. ADNI documentation. Accessed 2025 January 12. https://adni.loni.usc.edu/help-faqs/
adni-documentation/

	35.	 Alzheimer’s Disease Neuroimaging Initiative. PET 2026. Accessed 2026 May 24. https://adni.loni.usc.edu/data-samples/adni-data/neuroimaging/
pet/

	36.	 Fischl B. FreeSurfer. Neuroimage. 2012;62(2):774–81. 

	37.	 Mikolajczyk K, Szabatin M, Rudnicki P, Grodzki M, Burger C. A JAVA environment for medical image data analysis: initial application for brain PET 
quantitation. Med Inform (Lond). 1998;23(3):207–14. https://doi.org/10.3109/14639239809001400 PMID: 9785322

	38.	 Tan M, Le Q. EfficientNet: Rethinking model scaling for convolutional neural networks. In: Proceedings of the 36th International Conference on 
Machine Learning, 2019. 6105–14. 

	39.	 Sarvamangala DR, Kulkarni RV. Convolutional neural networks in medical image understanding: a survey. Evol Intell. 2022;15(1):1–22. https://doi.
org/10.1007/s12065-020-00540-3 PMID: 33425040

	40.	 Chan T-H, Jia K, Gao S, Lu J, Zeng Z, Ma Y. PCANet: a simple deep learning baseline for image classification?. IEEE Trans Image Process. 
2015;24(12):5017–32. https://doi.org/10.1109/TIP.2015.2475625 PMID: 26340772

	41.	 Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O. Scikit-learn: machine learning in Python. J Mach Learn Res. 
2011;12:2825–30. 

	42.	 Chen T, Guestrin C. XGBoost: a scalable tree boosting system. In: Proceedings of the 22nd ACM SIGKDD International conference on knowledge 
discovery and data mining, 2016. 785–94. 

	43.	 Ke G, Meng Q, Finley T, Wang T, Chen W, Ma W, et al. LightGBM: a highly efficient gradient boosting decision tree. Adv Neural Inf Process Syst. 
2017;30. 

	44.	 Prokhorenkova L, Gusev G, Vorobev A, Dorogush AV, Gulin A. CatBoost: unbiased boosting with categorical features. Adv Neural Inf Process Syst. 
2018;31. 

	45.	 Hicks SA, Strümke I, Thambawita V, Hammou M, Riegler MA, Halvorsen P, et al. On evaluation metrics for medical applications of artificial intelli-
gence. Sci Rep. 2022;12(1):5979. https://doi.org/10.1038/s41598-022-09954-8 PMID: 35395867

	46.	 Mitchell AJ. The Mini-Mental State Examination (MMSE): update on its diagnostic accuracy and clinical utility for cognitive disorders. In: Larner AJ, 
editor. Cognitive screening instruments: a practical approach. Cham: Springer; 2017. 37–48. 

	47.	 Tombaugh TN, McIntyre NJ. The mini-mental state examination: a comprehensive review. J Am Geriatr Soc. 1992;40(9):922–35. https://doi.
org/10.1111/j.1532-5415.1992.tb01992.x PMID: 1512391

http://www.ncbi.nlm.nih.gov/pubmed/7790950
https://doi.org/10.1007/s00259-005-1762-7
http://www.ncbi.nlm.nih.gov/pubmed/15747152
https://doi.org/10.1007/s00259-021-05603-w
http://www.ncbi.nlm.nih.gov/pubmed/34882261
https://doi.org/10.1117/1.JMI.4.1.011013
http://www.ncbi.nlm.nih.gov/pubmed/28401173
https://adni.loni.usc.edu/help-faqs/adni-documentation/
https://adni.loni.usc.edu/help-faqs/adni-documentation/
https://adni.loni.usc.edu/data-samples/adni-data/neuroimaging/pet/
https://adni.loni.usc.edu/data-samples/adni-data/neuroimaging/pet/
https://doi.org/10.3109/14639239809001400
http://www.ncbi.nlm.nih.gov/pubmed/9785322
https://doi.org/10.1007/s12065-020-00540-3
https://doi.org/10.1007/s12065-020-00540-3
http://www.ncbi.nlm.nih.gov/pubmed/33425040
https://doi.org/10.1109/TIP.2015.2475625
http://www.ncbi.nlm.nih.gov/pubmed/26340772
https://doi.org/10.1038/s41598-022-09954-8
http://www.ncbi.nlm.nih.gov/pubmed/35395867
https://doi.org/10.1111/j.1532-5415.1992.tb01992.x
https://doi.org/10.1111/j.1532-5415.1992.tb01992.x
http://www.ncbi.nlm.nih.gov/pubmed/1512391

	Feature integration of [18F]FDG PET brain imaging using deep learning for sensitive cognitive decline detection
	Introduction
	Materials and methods
	Data collection and characteristics
	Multi-representational deep learning framework
	Data preprocessing
	Feature extraction
	Feature fusion
	Classification
	Model assessment
	Interpretability analysis

	Results
	Data characteristics analysis
	Baseline models performance
	Fusion model performance comparison
	Class-wise performance analysis
	Interpretability analysis

	Discussion
	Conclusions
	Supporting information
	References


