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Abstract 

Alzheimer’s disease is characterised by pathological plaques 

outside the neurons formed by amyloid-beta (Aβ) that start 

occurring in the preclinical phase of the disease. PET imaging 

based on Aβ-binding radiotracers is used in the diagnosis of 

AD. These include 11C-Pittsburgh compound B and fluorine-

labelled tracers like florbetapir (FBP). The images are visually 

analysed and classified into amyloid negative (A-) and amyloid 

positive (A+). This classification is based on the uptake of the 

radiotracer in cortical brain regions and the difference to the 

adjacent white matter. Quantitative feature extraction of amy-

loid PET images is proposed to help in the classification of 

difficult cases. First, the images are segmented into cortical 

brain regions. Then, Standard Uptake Value ratios (SUVR) and 

textural features based on the grey level co-occurrence matrix 

(GLCM) are extracted from the images. An SVM model is com-

puted to classify amyloid PET images based on the extracted 

features. SUVRs, textural features and a combination of both 

are evaluated. The results show that feature vectors composed 

of 9 textural features offer the highest prediction accuracy, 

sensitivity and specificity (0.97, 0.94 and 1.00, respectively). 

Therefore, textural features are shown to be potential image 

features to correctly classify PET-amyloid images into A- and 

A+. 

1. Introduction 

Alzheimer’s disease (AD) is a neurodegenerative disorder 

characterised by an advanced stage of dementia and usu-

ally occurs at an advanced age of the patient (> 65 years) 

[1,2]. Nowadays, 50% to 75% of the cases of dementia 

are associated with AD [3]. It is believed that the number 

of cases duplicates until the year 2050. Therefore, AD 

presents an increasing socio-economic, as well as a socio-

sanitarian problem [4]. 

In 2011, the National Institute on Aging and the Alz-

heimer’s Association defined three phases of AD [4]: 

• Preclinical phase: the phase is asymptomatic but 

changes in the brain can already be detected by 

medical imaging. 

• Mild cognitive impairment (MCI) due to AD: the 

phase is characterised by the first symptoms of 

cognitive problems in the patient. 

• Dementia due to AD: the cognitive decline af-

fects the day-to-day life and ends in the death of 

the patient. 

The changes in the brain of the patient that start in the 

preclinical phase are related to neuronal damage. The 

presence of extracellular amyloid-beta (Aβ) plaques is 

one of the phenomenon that characterises this phase [4]. 

These pathological and toxic plaques are located outside 

the neurons and result in neuronal dysfunction and could 

lead to their death [5]. The pathological Aβ plaques reach 

their maximum prior to the third phase that corresponds to 

dementia. 

PET imaging can be used to visualize the Aβ burden in 

early phases of the cognitive decline. Radiotracers that 

bind to Aβ plaques are employed. Examples of Aβ-

binding radiotracers are 11C-Pittsburgh compound B and 

fluorine-labelled tracers (18F-florbetapir (FBP), 18F-

florbetaben and 18F-flutemetamol) that are used in routine 

clinical practice due to their increased half-life compared 

to 11C-labelled tracers [1].  

The visual analysis of amyloid PET images is performed 

by physicians specialised in nuclear medicine who classi-

fy the cases in amyloid negative (A-) and amyloid posi-

tive (A+). This differentiation is based on the uptake of 

the Aβ-binding radiotracer in the grey matter of the brain 

compared to the white matter. In an A- case, the uptake is 

higher in the white matter than in the grey matter. On the 

contrary, to classify a case as A+, two or more cortical 

brain regions need to present equal or higher uptake in the 

grey matter than the adjacent white matter [6]. Therefore, 

the difference, or absence of differences, between the 

intensities in grey and white matter in amyloid PET imag-

es determines whether they are A- or A+. While the visual 

analysis of amyloid PET images presents a high accuracy, 

difficult cases might arise where quantitative image pro-

cessing methods can offer a solution. The goal of this 
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work is to evaluate different quantitative image features 

of amyloid PET images for the classification into A- and 

A+. The radiotracer uptake in cortical brain regions is 

quantified and textural features are extracted. A predictive 

model is computed to evaluate the effectiveness of the 

PET-amyloid image features. 

2. Material and Methods 

2.1. Materials 

The PET amyloid images used in this work are provided 

by the department of nuclear medicine of the Hospital 

Universitario 12 de Octubre, Madrid, Spain. The study 

group is formed by 30 cases of patients suspected of hav-

ing MCI or a neurodegenerative disease. They are regis-

tered and treated at said hospital. The mean age (± stand-

ard deviation) of the patients is 66.46 ± 8.76 years with a 

gender distribution of 19 men and 11 women. The images 

are classified by the physicians based on visual analysis 

into A- or A+. 

All images were acquired with a Siemens Biograph 6 

True Point PET/CT scanner (Siemens AG, Munich, Ger-

many) at the hospital. The radiotracer used for the acqui-

sition of the amyloid PET images is FBP. A dose of 

359.53 ± 47.48 MBq was intravenously injected and the 

image was acquired 44 – 92 minutes afterwards. A low-

dose CT scan was used for attenuation correction. 

The image processing, feature extraction and statistical 

analysis is performed in MATLAB (The MathWorkds, 

Inc., Natick, Massachussetts, US). Statistical Parametric 

Mapping 12 (SPM12) (Wellcome Centre for Human Neu-

roimaging, University College London, London, United 

Kingdom) is used to preprocess all images before the 

feature extraction [7]. A textural analysis toolbox for 

MATLAB called Radiomics by M. Vallières is used1 [8]. 

Moreover, two brain atlases are used that define the spa-

tial localisation of anatomical brain regions in Montreal 

Neurological Institute (MNI) space. The first atlas origi-

nates from the “MICCAI 2012 Grand Challenge and 

Workshop on Multi-atlas Labeling” and is provided by 

Neuromorphometrics, Inc. under academic licence. On 

the other hand, the brain segmentation from the Automat-

ic Anatomical Labelling (AAL2) atlas is used in this work 

[9, 10]. The main difference between both atlases is the 

thickness of the defined cortical regions in the axial plane.  

They are applied in different stages of the feature extrac-

tion. First, the extraction of cortical mean SUV values 

requires that no white matter is included. Therefore, the 

binary masks obtained from the Neuromorphometrics, 

Inc. atlas are used for the segmentation due to their re-

duced cortical thickness. However, the goal of the textural 

analysis is to compare the difference between grey and 

white matter and thicker masks of cortical regions are 

needed, which are provided by the AAL2 atlas. In both 

cases, only the regions that correspond to the frontal, 

 

1 https://github.com/mvallieres/radiomics Last access: Septem-

ber 2019 

temporal, parietal and occipital lobes, and the anterior and 

posterior cingulate cortices are used. In the case of the 

Neuromorphometrics, Inc. atlas, the cerebellum is also 

extracted. 

2.2. Methods 

The methodology is divided into three steps: (1) prepro-

cessing, (2) feature extraction, and (3) statistical analysis. 

Preprocessing. The initial part of the methodology is the 

preprocessing of the images. The images provided by the 

hospital’s department need to be oriented and transformed 

into a standard space to reduce anatomical differences 

between patients. SPM12 is used to manually orient the 

images and for the spatial normalisation. First, the origin 

of the image is moved to the anterior commissure and 

aligned to the posterior commissure. The spatial normali-

sation transforms the image into MNI space with matrix 

size 91×109×91 and a voxel size of 2×2×2 mm3. 

Feature extraction. The feature extraction is performed 

based on the segmentation of the image into cortical brain 

regions. The atlases mentioned in section 2.1 define these 

regions of interest (ROI) depending on the feature. Then, 

two types of features are extracted from the ROIs: (1) 

radiotracer uptake and (2) textural features.  

The Standard Uptake Value (SUV) is used to measure the 

radiotracer uptake. The normalised images are trans-

formed into SUV maps based on the equation in [11]. The 

average SUV is extracted from each region defined by the 

Neuromorphometrics, Inc. atlas and normalised to the 

mean SUV of the cerebellum, resulting in SUV ratios 

(SUVR). Thus, a feature vector formed by the SUVRs 

defines an individual case. 

On the other hand, textural features are statistical parame-

ters that describe the spatial distribution of the intensities 

in an image. They extracted after an intensity quantifica-

tion of the spatially normalised PET-FBP images. Then, 

the AAL2 atlas is used to segment the ROIs. For each 

ROI, 9 textural features are extracted based on the Grey 

Level Co-occurrence Matrix (GLCM). The GLCM repre-

sents the spatial association between pixels or voxels of 

different intensities. It is computed by quantifying the 

number of times every combination of intensities between 

a reference pixel or voxel and another one at a specific 

direction and distance occurs. Then, the textural features 

are obtained. In this work, the autocorrelation, contrast, 

correlation, dissimilarity, energy, entropy, homogeneity, 

sum average, and variance are calculated. The Radiomics 

toolbox is used to obtain the GLCM of each region and to 

calculate the textural features. In the end, a feature vector 

of 9 textural features describes each cortical region of the 

AAL2 atlas. 

Statistical analysis. A support vector machine (SVM) is 

computed to evaluate the diagnostic value of SUVR and 

textural features to classify PET-FBP images into A- and 

A+. SVM is a supervised learning algorithm that uses a 

set of pre-classified observations, each described by a 

feature vector, to train the predictive model. K-fold cross-

validation is used to train and validate the predictive 

model. The dataset is divided into k subsets where the 
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model is trained with k-1 subsets and tested on the re-

maining subset. Moreover, four different feature vectors 

are evaluated. They are composed of: (1) the SUVRs of 

the cortical regions, (2) the SUVRs combined with 9 

textural features, (3) 9 textural features, and (4) only 6 

textural features that are selected based on [12] (contrast, 

correlation, dissimilarity, energy, entropy and homogenei-

ty). To evaluate the performance of the predictive model 

and to compare the different feature vectors, the accuracy, 

sensitivity and specificity are obtained. 

3. Results and Discussion 

Figure 1 and Figure 2 show examples of negative and 

positive PET-FBP images. They correspond to a 74-year-

old male patient and a 71-year-old male patient, respec-

tively. The difference between A- and A+ images can be 

observed. In Figure 1, white matter can be identified and 

differentiated from grey matter as it corresponds to the 

regions of higher image intensity. In this case, regions of 

darker grey tones. On the other hand, such differentiation 

is difficult to observe in Figure 2. The pixels correspond-

ing to white and grey matter present similar intensities 

and the regions are more homogeneous. 

 

Figure 1: Example of an amyloid negative PET-FBP image 

corresponding to a 74-year-old male patient. 

 

Figure 2: Example of an amyloid positive PET-FBP image 

corresponding to a 71-year-old male patient. 

SUVRs are extracted for cortical regions based on the 

Neuromorphometrics, Inc. atlas and form a feature vector 

of 78 SUVRs, one for each region. On the other hand, 

intensity quantification is performed on the spatially nor-

malised images into 128 grey levels based on [12]. Then, 

9 textural features are computed for each of the 90 corti-

cal ROIs of the AAL2 atlas. 

A total of four predictive models are computed for four 

different datasets to evaluate the performance of the dis-

tinct combinations of features. A linear kernel is used in 

the creation of the SVM. 7-fold cross validation is ap-

plied, and the results are shown in Table 1. 

Features Accuracy Sensitivity Specificity 

SUVR 0.85 0.71 0.95 

SUVR + 9 Textural Features 0.94 0.93 0.95 

9 Textural Features 0.97 0.94 1.00 

6 Textural Features 0.74 0.79 0.70 

Table 1: Classification results. 

The overall best performance can be observed when using 

9 textural features to define the feature vectors that de-

scribe the individual cases. Both the accuracy and sensi-

tivity are very high with 0.97 and 0.94, respectively. 

Moreover, every A- case of the dataset is correctly classi-

fied, resulting in a specificity of 1.00. Comparable results 

are obtained with a combination of SUVRs and the 9 

textural features. The accuracy is 0.94 and the sensitivity 

is only 0.01 lower than in the case of using only 9 textural 

features (0.93). However, not every A- case is classified 

correctly and thus, the specificity is 0.95. 

Eliminating the textural features from the feature vectors 

and only using SUVRs decreases the performance of the 

created predictive model. The accuracy and specificity are 

still high with 0.85 and 0.95, respectively. However, the 

obtained sensitivity presents the overall lowest value with 

only 0.71, indicating that mainly A+ cases are wrongly 

classified. This could be explained by overall low SUVR 

values extracted from the image in specific cases. They 

are analysed in an isolated way, not comparing them to 

the uptake in the white matter and therefore are potential-

ly lower than the threshold defined by the algorithm. 

Moreover, the regions the SUVRs are extracted from, and 

the cerebellum, might be affected by grey matter atrophy 

and thus, altering the SUVRs. Finally, the simple fact of 

normalising by a reference region could introduce varia-

bility in the extracted features [12]. In routine clinical 

practice, SUVRs can be more intuitively interpreted as the 

SUV is a widely used parameter in nuclear medicine and 

various studies propose thresholds defined by a global 

SUVR to differentiate between A- and A+ cases [13, 14]. 

Therefore, and also based on the results presented in this 

work, the SUVR is a feature that should not be discarded 

when analysing amyloid PET images. 

Lastly, the dimensionality of the feature vector is de-

creased by only taking into account a reduced number of 

textural features. Based on the study by Campbell et al., 

the autocorrelation, sum average and variance are elimi-

nated [12]. It can be observed that a feature vector of 6 

textural features yields the lowest classification results, 

with an accuracy of 0.74. While the sensitivity is higher 

than in the case of only using SUVRs (0.79), the specifici-

ty is only 0.70. This indicates that 6 textural features tend 

to not correctly classify A- cases where the contrast be-

tween the intensity of grey and white matter is greater. 

Moreover, it shows that the three eliminated features add 

important information to the predictive model when clas-

sifying PET-amyloid images into A- and A+.  

The quantitative analysis of PET-amyloid images based 

on textural features is studied in two previous works by 

Ben Bouallègue et al. [15] and Campbell et al. [12]. 
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However, the authors of those studies evaluated the effec-

tiveness of textural features to differentiate between nor-

mal subjects or AD patients by Ben Bouallègue et al., and 

patients with MCI, as well as other grouping criteria, by 

Campbell et al. Ben Bouallègue et al. use 5 textural fea-

tures computed from the GLCM (contrast, correlation, 

energy, entropy and homogeneity) to train a SVM and 

predict the conversion to AD. The obtained accuracies for 

each textural feature are between 0.72 and 0.81. The sen-

sitivities are all above 0.8 with one exception (0.66). In 

contrast, the specificity does not reach 0.8 and the lowest 

value is 0.59. These values are overall lower than the 

results obtained in this work with 9 textural features. 

However, the aim of the study is different, and the results 

could indicate that textural analysis is more effective to 

differentiate A- from A+ amyloid PET images. 

On the other hand, Campbell et al. demonstrate the use-

fulness of textural features to classify normal and MCI 

subjects compared to SUVRs. The authors use Wilcoxon 

statistical tests (textural features) and Student’s t-tests 

(SUVRs) to evaluate the differences between the extract-

ed features. They conclude that textural features are able 

to correctly classify normal and MCI subjects. The results 

are similar to the ones presented in this work. Textural 

features are suitable for the analysis of amyloid PET im-

ages and might be superior to an analysis by SUVR. 

4. Conclusions 

PET-amyloid images are visually classified in amyloid 

negative and positive cases depending on the uptake of 

Aβ-binding radiotracers in grey matter. Generally, the 

visual analysis correctly classifies the images, but border-

line cases might prove difficult. Quantitative analysis of 

cortical brain regions is studied based on SUVR and tex-

tural features to classify PET-FBP images into A- and 

A+. A predictive model is created with different feature 

vectors. The classification results indicate that both 

SUVR and textural features are able to classify the imag-

es, whereas the latter show a slightly better performance. 
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