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Introduction: Primary Progressive Aphasia (PPA) is a neurodegenerative disease 
characterized by linguistic impairment. The two main clinical subtypes are 
semantic (svPPA) and non-fluent/agrammatic (nfvPPA) variants. Diagnosing 
and classifying PPA patients represents a complex challenge that requires 
the integration of multimodal information, including clinical, biological, and 
radiological features. Structural neuroimaging can play a crucial role in aiding 
the differential diagnosis of PPA and constructing diagnostic support systems.

Methods: In this study, we conducted a white matter texture analysis on T1-
weighted images, including 56 patients with PPA (31 svPPA and 25 nfvPPA), and 
53 age- and sex-matched controls. We trained a tree-based algorithm over 
combined clinical/radiomics measures and used Shapley Additive Explanations 
(SHAP) model to extract the greater impactful measures in distinguishing svPPA 
and nfvPPA patients from controls and each other.

Results: Radiomics-integrated classification models demonstrated an accuracy of 
95% in distinguishing svPPA patients from controls and of 93.7% in distinguishing 
svPPA from nfvPPA. An accuracy of 93.7% was observed in differentiating nfvPPA 
patients from controls. Moreover, Shapley values showed the strong involvement of 
the white matter near left entorhinal cortex in patients classification models.

Discussion: Our study provides new evidence for the usefulness of radiomics 
features in classifying patients with svPPA and nfvPPA, demonstrating the 
effectiveness of an explainable machine learning approach in extracting the 
most impactful features for assessing PPA.
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1 Introduction

Primary Progressive Aphasia (PPA) is a neurodegenerative disorder that affects 
approximately three to four individuals per 100,000 (Coyle-Gilchrist et al., 2016). PPA is the 
second major form of Frontotemporal Lobe Degeneration (FTLD) and is clinically 
characterized by language deficits affecting speaking, writing and comprehension skills 
(Mesulam, 1982; Gorno-Tempini et al., 2011; Leyton et al., 2011; Tee and Gorno-Tempini, 
2019). The two most distinctive subtypes of PPA include non-fluent/agrammatic variant 
(nfvPPA), characterized by slow, labored speech and grammatical errors, and semantic variant 
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(svPPA), marked by an inability to comprehend words or construct 
sentences. Each variant exhibits specific phenotypic features 
corresponding to the underlying pathology. SvPPA is typically linked 
to TDP-43-C pathological aggregates (75–100% of patients) and also 
most often associated with FTD tau pathology (Spinelli et al., 2017). 
On the contrary, nfvPPA is commonly related to a form of FTD-4R 
tau (Spinelli et al., 2017).

Diagnosis and classification of PPA patients present a complex 
challenge that requires the integration of multimodal information, 
encompassing clinical, biological, and radiological features (Roytman 
et  al., 2022). Concerning brain imaging alterations, several 
investigations have reported associations between language deficits 
and brain alterations in gray matter regions and white matter fiber 
bundles linking cortical areas associated with language (Agosta et al., 
2015; Nigro et al., 2021; Tafuri et al., 2023). Moreover, svPPA showed 
a disruption of the ventral stream, impacting the occipito-temporal 
lobes (Galantucci et al., 2011; Agosta et al., 2013; Marcotte et al., 2017). 
Conversely, nfvPPA were characterized by damage to a more dorsal 
pathway, involving parieto-frontal regions (Galantucci et al., 2011; 
Agosta et al., 2013; Marcotte et al., 2017). Recently, morphometric and 
diffusivity features extracted in gray- and white-matter regions have 
also been used to develop diagnostic support systems to aid the 
clinical diagnosis and differentiation of patients with PPA (Agosta 
et al., 2015; Bisenius et al., 2017; Canu et al., 2019; Kim et al., 2019). 
While many studies have concentrated on creating automated systems 
using gray matter atrophy features (Agosta et al., 2015; Bisenius et al., 
2017; Kim et  al., 2019), only a handful of researchers have built 
classification models based on diffusion-based white matter damage 
(Agosta et al., 2015; Canu et al., 2019).

Within the field of diagnostic imaging, radiomics presents a novel 
approach of analysis, capable of unveiling imperceptible details within 
images (Gillies et al., 2016; Mayerhoefer et al., 2020). It quantifies 
alterations in texture within pathological regions of interest (ROIs). 
Consequently, numerous studies have employed the radiomics 
approach to uncover imaging biomarkers in cancers (Vial et al., 2018) 
and, more recently, to evaluate diagnosis and prognosis in other 
diseases, including neurodegenerative conditions (Salvatore et  al., 
2019; Feng and Ding, 2020; Tafuri et  al., 2022a). In particular, 
classification models have been developed by extracting high-
dimensional sets of radiomics measures in specific brain regions and 
then combining feature selectors and machine learning algorithms to 
distinguish between diagnostic categories (Feng et al., 2018; Ranjbar 
et al., 2019; Tafuri et al., 2022a,b; Rajagopalan et al., 2023). Despite the 
optimal performance obtained by these classification frameworks, 
however, the estimation of each feature contribution to the model’s 
classification is often unclear limiting the interpretability of the results. 
Thus, in recent years, the concept of explainability has received a lot 
of attention with the aim to understand the reasoning behind the 
model and in this way assess which information has the greatest 
impact on performance.

In the present study, we developed a radiomics-based classification 
approach to classify patients with PPA, conducting a secondary 
analysis from our previous work over the same population that 
evaluated the lateralized damage of structural white matter (Tafuri 
et al., 2023). In particular, 1st-order and 2nd-order statistic measures 
extracted from white matter regions and combined with clinical 
information were used as inputs to a tree-based algorithm to 
distinguish svPPA and nfvPPA from healthy controls, and to 

differentiate between PPA phenotypes. Moreover, the importance of 
features in the classification performance was evaluated by using a 
Shapley Additive Explanations (SHAP) method (Lundberg and Lee, 
2017), a commonly employed approach widely applied in healthcare 
systems (Deshmukh and Merchant, 2020; Amoroso et  al., 2023; 
Leandrou et al., 2023), and able to improve the interpretability of a 
machine learning model.

2 Materials and methods

2.1 Participants

Data were acquired from the Frontotemporal Lobar Degeneration 
Neuroimaging Initiative (FTLDNI) database (please visit http://
memory.ucsf.edu/research). To minimize potential bias arising from 
different imaging protocols, we exclusively selected images acquired 
at the University of California, San Francisco, the largest recruiting 
center. In particular, out of the total sample from FTLDNI UCSF (37 
nfvPPA; 34 svPPA, and 127 HC), we first considered subjects with a 
valid T1-weighted MRI sequence. Next, we randomly selected svPPA 
patients, nfvPPA patients, and healthy controls in order to have sex- 
and age-matched groups.

The primary goals of FTLDNI are to identify neuroimaging 
modalities and methods of analysis for tracking frontotemporal lobar 
degeneration and to assess the value of imaging vs. other markers in 
diagnostic roles. All patients underwent clinical, imaging, language, 
and neuropsychological examinations and met the current diagnostic 
criteria for Primary Progressive Aphasia (PPA) as defined by Gorno-
Tempini et al. (2011). The Clinical Dementia Rating scale (CDR), with 
language subscore (CDR language), was administered to assess the 
global cognitive status (Morris, 1993; Knopman et al., 2008). Linguistic 
abilities were evaluated through the administration of tests such as the 
semantic verbal fluency (animal), the phonemic verbal fluency (d 
words) tests (Benton, 1969) and the total Boston Naming Test (BNT) 
(Kaplan et al., 1983). None of the controls had a history of neurologic 
or psychiatric illness (for more information, please refer to https://
memory.ucsf.edu/research-trials/research/4rtni-2).

2.2 MRI data extraction

All subjects had a standard acquisition of MR images on a 3-T 
Siemens Trio Tim system equipped with a 12-channel head coil 
including whole-brain three-dimensional T1 MPRAGE (TR/
TE = 2,300/2.9 ms, matrix = 240 × 256 × 160, isotropic voxels 1 mm3, 
slice thickness = 1 mm). An experienced neuroradiologist examined 
the images to exclude brain abnormalities, including lacunar and 
extensive cerebrovascular lesions.

We performed region segmentation from MRI using FreeSurfer 
6.0 (Massachusetts General Hospital, Boston, MA) with the standard 
cross-sectional pipeline. The pre-processing steps conform scans to an 
isotropic voxel size of 1 mm3 followed by removal of non-brain tissue, 
bias correction, and segmentation into gray matter (GM), white 
matter (WM), and cerebrospinal fluid. Radiomics feature extraction 
was performed on the skull-stripped, non-uniform intensity-corrected 
image (nu.mgz). White-matter regions of interest (ROIs) were 
delineated using the FreeSurfer white matter parcellation approach 
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(Salat et al., 2009), which classifies white matter based on the nearest 
cortical region of the Desikan-Killiany cortical atlas (Desikan et al., 
2006). Consequently, we obtained 34 WM ROIs for each hemisphere 
to account for the asymmetric cerebral atrophy typically observed in 
PPA patients (Gorno-Tempini et  al., 2011) (see 
Supplementary Table S2). Further details on these procedures have 
been documented in previous publications (Dale et al., 1999; Fischl 
et al., 2002, 2004).

For each ROI, we  defined a set of 86 radiomic features in 
compliance with the Imaging Biomarker Standardization Initiative 
(IBSI) (Zwanenburg et al., 2020), comprising 16 first-order features to 
describe voxel intensity distribution within the image mask and 
70 s-level textural measures to highlight the spatial distribution of 
voxels through five different matrices: 24 features from Gray Level 
Co-occurrence Matrices (GLCM), 16 from Gray Level Run Length 
Matrices (GLRLM), 14 measures from Gray Level Dependence 
Matrices (GLDM), and 16 features from Gray Level Size Zone 
Matrices (GLSZM) (detailed information about radiomics features is 
provided in Supplementary Table S1). In total, 5,848 radiomics 
measures were collected for each subject. A schematic overview of the 
features extraction process is reported in Figure 1. We used the Python 
package PyRadiomics 3.0 for extracting radiomics features (van 
Griethuysen et al., 2017).

2.3 Explainable machine learning pipeline

As a first step, we randomly split the data into training and test 
sets with a 70:30 proportion, ensuring that the samples were stratified 
to maintain the same label proportions in both the training and test 

folds. Then, we applied a feature selection method on the training set 
to prevent overfitting of the models. We conducted Pearson correlation 
analysis to eliminate redundancy between features, setting a cutoff 
coefficient of 0.9 (Schober et al., 2018; He et al., 2019; Bao et al., 2022; 
Leandrou et al., 2023). In particular, we identified the feature pair with 
the highest absolute correlation coefficient. Subsequently, 
we  calculated the mean absolute correlation coefficient for each 
feature with all others, excluding the feature with the highest mean 
absolute correlation coefficient in each iteration. This iterative 
procedure continued until the pair-wise correlation coefficients 
among radiomic features dropped below 0.9 (Marzi et al., 2023). The 
remaining measures were then used for model development.

In this experiment, we chose the XGBoost classifier (Chen and 
Guestrin, 2016) as our baseline algorithm. XGBoost is the preferred 
choice among boosting techniques due to its outstanding classification 
performance, especially for imbalanced data. To be more specific, L1 
and L2 regularization are responsible for managing sparsity and 
reducing overfitting. To optimize the model, we  employed a 
randomized grid search technique with a stratified 5-fold cross-
validation setting over the train dataset, running 60 iterations. The 
best model was determined by optimizing the learning rate (from 0.01 
to 0.1), maximum depth (from 3 to 10), number of estimators (from 
50 to 200), and subsampling (from 0.5 to 1) using the area under the 
receiver operating characteristic curve (AUC-ROC) as metric to 
evaluate the performances of the cross-validated model (see 
Supplementary Tables S4, S5 for the best hyperparameters). Finally, 
the importance of each feature was evaluated using Shapely Additive 
Explanations (SHAP) (Lundberg and Lee, 2017) based on Shapley 
values. This approach allows us to evaluate which measure has the 
most significant impact on the model’s performance. Specifically, it 

FIGURE 1

Schematic overview of the features extraction process. GLCM, gray level co-occurrence matrices; GLRLM, gray level run length matrices; GLDM, gray 
level dependence matrices; GLSZM, gray level size zone matrices.
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enables us to assess a feature’s impact on the entire training dataset, 
providing additional information beyond feature importance when 
considered in combination with other feature values, rather than as a 
single explainer.

2.4 Statistical analysis

Data for each group were explored using descriptive statistics as 
mean and standard deviation. We  analyzed group differences in 
demographic and clinical data, using the chi-square test and Kruskal–
Wallis analysis of variance, followed by post-hoc tests (Wilcoxon 
signed-rank test).

As regards classification analyses, we applied each trained model 
to the hold-out test set to evaluate its performance using various 
metrics, including sensitivity, specificity, balanced accuracy, precision, 
AUC-ROC, and F1 score. To evaluate and compare our radiomics-
combined models with classical morphometric measures, we repeated 
the same analysis using volumetric data from each ROIs extracted by 
FreeSurfer toolbox.

3 Results

The final cohort of the study included 109 subjects: 31 svPPA, 25 
nfvPPA, and 53 healthy controls (HC), with sex and age matching. 
Concerning clinical data, PPA groups differed significantly from HC 
subjects (see Table  1). Furthermore, svPPA reported a significant 
impairment of performances in Boston Naming Test respect to nfvPPA 
patients (p-values <0.001) while they performed better than the latter in 
the phonemic verbal fluency (d words) test (p-value <0.001).

All XGBoost binary models were trained over 70% of the 
samples (37 HC, 21 svPPA, and 17 nfvPPA) and evaluated over 
the remaining unseen 30% of the dataset (including 16 HC, 10 
svPPA, and 8 nfvPPA).

As first step, we checked the performances of the models trained 
only considering clinical/cognitive variables. The results are reported 
in Table 2 showing that the performances of the comparisons between 

PPA patients and HC achieved optimal values (svPPA versus HC had 
balanced accuracy of 0.95, sensitivity of 1 and specificity of 0.9, while 
nfvPPA versus HC had balanced accuracy of 0.937, sensitivity of 1 and 
specificity of 0.875). By contrast, the discrimination between semantic 
and non-fluent/agrammatic variants of PPA remained suboptimal 
(balanced accuracy of 0.771, sensitivity of 0.667, and specificity 
of 0.875).

Concerning radiomics analysis, the selected radiomics features at 
each training step, combined with clinical/cognitive information, were 
then used as input for classification analyses. As reported in Table 3, 
the XGBoost model confirmed optimal results in distinguishing 
svPPA and nfvPPA patients from HC (svPPA versus HC had balanced 
accuracy of 0.95, sensitivity of 1 and specificity of 0.9, while nfvPPA 
versus HC had balanced accuracy of 0.937, sensitivity of 1 and 
specificity of 0.875). Furthermore, the discriminations between svPPA 
and nfvPPA patients achieved balanced accuracy of 0.937, sensitivity 
of 1 and specificity of 0.875. Of note, in Supplementary Table S3 
we reported the performances of volumetric-combined model. Even 
if classical morphometric features reached optimal results, radiomics 
model optimized all the performances of classification.

Regarding the contribution of each measures (clinical/cognitive 
and radiomics) in classification performance, the explainability 
analysis for svPPA classification (see Figure  2 and 
Supplementary Table S2) revealed that language deficits (verbal 
fluency-animal and BNT tests) together with a compromised clinical 
condition (CDR) of patients respect to healthy subjects had the greater 
impact in classification. Nonetheless, radiomics measures from the 
white matter region near the left entorhinal cortex had a significant 
impact on predicting svPPA syndrome compared to control subjects, 
also corresponding to lower values of radiomic features for patients.

Figure 3 presents the results of SHAP values for classifying nfvPPA 
patients compared to HC. Similarly to svPPA classification, the 
greatest impact on the classification was observed for the linguistic 
scores (CDR language and verbal fluency test), together with the 
radiomics feature of the left white matter near the caudal middle 
frontal gyrus, with lower values for patients compared to controls.

Finally, the nfvPPA classification respect to svPPA highlighted 
that the radiomics features of the white matter of the left entorhinal 

TABLE 1 Demographic and clinical/cognitive information.

HC n  =  53 nfvPPA n  =  25 svPPA n  =  31 Kruskal–Wallis/χ2 
test

Post-hoc

Mean or # 
(SD or %)

Mean or # 
(SD or %)

Mean or # 
(SD or %)

p

Age, years 64.11 (6.33) 66.56 (6.66) 62.97 (6.43) 0.113 –

Female 30 (56.6) 14 (56.0) 15 (48.4) 0.749 –

Education, years 21.96 (19.13) 15.80 (2.60) 19.06 (15.08) 0.263 –

CDR 0.03 (0.12)* 0.44 (0.34) 0.65 (0.32) <0.001 HCvsnfvPPA, svPPA, <0.001

CDR language 0.00 (0.00)* 1.25 (0.77) 0.95 (0.51) <0.001 HCvsnfvPPA, svPPA, <0.001

Verbal Fluency-Animal 23.53 (5.14) 11.88 (8.69) 9.03 (4.15) <0.001 HCvsnfvPPA, svPPA, <0.001

Verbal Fluency-d words 15.87 (4.13) 6.60 (6.18) 8.97 (4.48) <0.001 HCvsnfvPPA, svPPA, <0.001

nfvPPA vs. svPPA, 0.01

Boston Naming Test 14.32 (0.89) 12.52 (2.45) 5.71 (3.53) <0.001 HCvsnfvPPA, svPPA, <0.001

nfvPPA vs. svPPA, <0.001

HC, healthy controls; nfvPPA, non-fluent variant of primary progressive aphasia; svPPA, semantic variant of primary progressive aphasia; CDR, clinical dementia rating scale.
*Data available for 24 out of 53 healthy controls.
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together with the Boston Naming Test score had greatest predictive 
power for the model. In particular higher values of GLRLM 
RunLenghtNonUniformity of the left entorhinal were high predictive 
of nfvPPA syndrome (see Figure 4).

4 Discussion

In the present study, clinical information and radiomic features in 
white matter regions were used for discriminating PPA patients. 
Radiomics features substantially improved the performance of 
classification between patient groups with respect to solely clinical/
cognitive scores. Concerning the features explainability, the SHAP 
method highlighted the greater impact of the left entorhinal cortex in 
distinguishing between svPPA and nfvPPA patients. On the contrary, 
the contribution of radiomics in classifying patients from controls was 
limited. Indeed, the SHAP method showed the stronger impact of 
clinical/cognitive scores in discriminate PPA patients respect 
to controls.

The performance of our models are in line with previous studies 
using MRI data to support the clinical diagnosis of patients with PPA 
(Agosta et al., 2015; Bisenius et al., 2017; Lampe et al., 2022; Tafuri 
et al., 2022a). Specifically, when classifying svPPA against HC, our 
model achieved an accuracy of 95%, which is comparable to the 
results obtained using gray matter radiomic measures (Tafuri et al., 
2022a), or features such as cortical thickness and Diffusion Tensor 

Imaging (DTI) [as observed in studies by Bisenius et al., 2017 and 
Agosta et  al., 2015]. Furthermore, the analysis of explainability 
through SHAP values confirmed that the left temporal lobe, and in 
particular the entorhinal cortex, was the most affected region in svPPA 
(Chan et al., 2001; Agosta et al., 2015; Bisenius et al., 2017; Lampe 
et al., 2022), not only in terms of gray matter but also in white matter.

As observed in previous studies, the classification of nfvPPA is a 
more challenging and difficult task using imaging data. Specifically, a 
recent work by Lampe et al. (2022) reported low performances for 
classification of nfvPPA patients for a multi-syndrome model based 
on a multi-centric MRI dataset. Our radiomics-integrated model 
demonstrated an optimal accuracy of 93.7% when discriminating 
these patients from HC. However, when considering the impact of 
measures on the model, we found that the most impactful variables 
corresponded to clinical scores, confirming the low contribution of 
imaging markers in distinguishing nfvPPA patients from 
healthy controls.

Regarding the differentiation between the two PPA variants, our 
combined model achieved a diagnostic accuracy of 93.7% on the test set. 
This result overcomes the state-of-the-art performances achieved using 
only classical morphometry measurements (Agosta et al., 2015; Bisenius 
et al., 2017; Kim et al., 2019; Lampe et al., 2022) and radiomics on gray 
matter ROIs (Tafuri et al., 2022a), in conjunction with machine learning 
systems like Support Vector Machine, Random Forest, or Linear 
Discriminant Analysis. It’s worth noting that, contrary to the comparison 
between pathological and healthy subjects, clinical/cognitive variables 
were unable to correctly identify the PPA phenotype achieving a 
suboptimal accuracy of classification of the 77.1%. On the contrary, the 
combination with radiomics measures reached the best performance of 
93.7% of accuracy and the most influential feature in the model was 
associated with the left white matter of the entorhinal cortex. This region 
is a distinctive characteristic of the svPPA variant, as previously indicated 
in radiomics findings (Tafuri et al., 2022a), and is morphologically linked 
to more pronounced cortical thinning compared to nfvPPA (Agosta 
et al., 2015).

The current study has some limitations that need to 
be addressed. Firstly, the study is based on a modest sample size in 
the context of a machine learning approach, which we addressed 
by implementing a cross-validation setting. Consequently, future 
approaches should prioritize an expanded and more representative 
data sample encompassing the entire spectrum of PPA, also in 
combination with more reliable features selection methods to 
guarantee maximal generalizability. Secondly, radiomics features 
in white matter regions were extracted from T1-weighted MR 
images, excluding the possibility of conducting a comparative 
analysis using diffusivity information. Therefore, further studies 
should be conducted to explore the usefulness of DTI radiomics in 
differentiating PPA patients. Another potential limitation is the 
absence of the biological confirmation, such as cerebrospinal fluid 
(CSF) or amyloid PET samples. In the future, it would be beneficial 
to incorporate biological assessment and evaluate various 
classification algorithms using a multicenter dataset. Thirdly, 
we conducted Pearson correlation analyses to eliminate feature 
redundancy before model training. Although this approach is 
typically employed to address the inherent multicollinearity of 
radiomics measures, it is possible that similar classification metric 
values may be obtained by considering the excluded radiomics 
features. Finally, longitudinal studies are required to assess whether 

TABLE 3 XGBoost classification performance of clinical/
cognitive  +  radiomics model between groups on test set.

Metrics HC vs. 
svPPA

HC vs. 
nfvPPA

svPPA vs. 
nfvPPA

Sensitivity 1 1 1

Specificity 0.9 0.875 0.875

Balanced accuracy 0.95 0.937 0.937

F1-score 0.947 0.933 0.933

AUC-ROC 0.987 0.984 1

Precision 1 1 1

HC, healthy controls; nfvPPA, non-fluent variant of primary progressive aphasia; svPPA, 
semantic variant of primary progressive aphasia; AUC-ROC, area under the curve of the 
receiver operating characteristic.

TABLE 2 XGBoost classification performance of clinical/cognitive model 
between groups on test set.

Metrics HC vs. 
svPPA

HC vs. 
nfvPPA

svPPA vs. 
nfvPPA

Sensitivity 1 1 0.667

Specificity 0.9 0.875 0.875

Balanced Accuracy 0.95 0.937 0.771

F1-score 0.947 0.933 0.778

AUC-ROC 0.987 0.984 0.792

Precision 1 1 0.7

HC, healthy controls; nfvPPA, non-fluent variant of primary progressive aphasia; svPPA, 
semantic variant of primary progressive aphasia; AUC-ROC, area under the curve of the 
receiver operating characteristic.

https://doi.org/10.3389/fnsys.2024.1324437
https://www.frontiersin.org/journals/systems-neuroscience
https://www.frontiersin.org


Tafuri et al. 10.3389/fnsys.2024.1324437

Frontiers in Systems Neuroscience 06 frontiersin.org

FIGURE 3

Impact of radiomics features on the classification of HC vs. nfvPPA group. Beeswarm plot reporting radiomic measures explainability for nfvPPA 
classification model. Each point represents the SHAP value per subject. Red and blue report higher to lower values of the feature. HC, healthy controls; 
nfvPPA, non-fluent variant of primary progressive aphasia; GLCM, gray level co-occurrence matrices; GLRLM, gray level run length matrices; GLDM, 
gray level dependence matrices; GLSZM, gray level size zone matrices.

FIGURE 2

Impact of radiomics features on the classification of HC vs. svPPA group. Beeswarm plot reporting radiomic measures explainability for svPPA 
classification model. Each point represents the SHAP value per subject. Red and blue report higher to lower values of the feature. HC, healthy controls; 
svPPA, semantic variant of primary progressive aphasia; GLCM, gray level co-occurrence matrices; GLRLM, gray level run length matrices; GLDM, gray 
level dependence matrices; GLSZM, gray level size zone matrices.
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WM radiomics features could also be used to develop predictive 
models of clinical-pathological progression.

5 Conclusion

Our study provides new evidence for the usefulness of radiomics 
features in classifying patients with neurodegenerative diseases. In 
particular, the results of this study show that texture properties of the 
brain’s white matter, based on conventional T1-weighted MR images, 
substantially improve the classification performances opening the way to 
new potential imaging biomarkers to classify PPA patients. In particular, 
radiomics features extracted in the white matter near the left entorhinal 
cortex may help to the differentiate nfvPPA from svPPA patients.
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