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Abstract—Radiomic positron emission tomography (PET)
image features are increasingly used in conjunction with machine
learning to predict clinical disease measures. However, a thorough understanding of these image features remains challenging
due to their relatively high complexity, hampering a-priori selection of optimal features and model parameters for a predictive
task. In this paper, we explore the use of a generative disease
model (GDM) for feature analysis. The GDM generates a series of
synthetic PET images that simulate progressive disease-induced
changes in radiotracer binding. These images can be used to
obtain the expected values of image features, estimate the effect
of various parameters on the feature correlation with clinical
measures, and to select optimal features prior to testing them
on real data. As an illustrative example, we apply the GDMbased approach to brain PET imaging of Parkinson’s disease
subjects. Following initial validation, we use the GDM to understand the trends of change in the measured feature values with
disease progression. Interestingly, the GDM revealed many features to change nonmonotonically, even with monotonic changes
in radiotracer binding. An important implication of this finding is that different features may be optimal as biomarkers at
different disease stages.
Index Terms—Feature selection, machine learning, Parkinson’s
disease (PD), positron emission tomography (PET), radiomics.

I. I NTRODUCTION
HE PATTERNS of radiotracer distribution in positron
emission tomography (PET) images may convey information related to specific disease manifestations or phenotypes.
Image features that quantify texture, histogram properties, and
shapes are being increasingly used to characterize the radiotracer uptake heterogeneity. In the emerging field of radiomics,
multiple advanced features have been used in conjunction with
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machine learning methods to train improved predictive models of patient survival and response to therapy [1]–[4]. In
brain imaging, we have previously demonstrated that texture
and shape features computed from images of a dopaminergic tracer correlate significantly with Parkinson’s disease
(PD) severity and duration [5], [6]. Texture and shape features computed from SPECT images of [123 I]-ioflupane were
found to discriminate significantly between PD subjects and
healthy controls (HCs) [7], provide more sensitive measures of
the disease severity compared to the mean radiotracer uptake
within a region of interest (ROI) [8], and contribute to outcome
prediction [9].
Due to a relatively high complexity of the radiomic features, it is often not known how they are expected to behave
as a function of disease progression—in contrast to standard
metrics such as the mean standardized uptake or volume,
which tend to increase or decrease monotonically as disease
advances. In addition, feature values may depend on several
internal and external parameters, such as the reconstruction
algorithm, the resampling method of the voxel intensities, definition of ROIs over which the features are estimated, image
noise and resolution [6], [10]–[15]. Hence, the interpretation of
PET-derived feature values, and informed a-priori identification of features that are nonredundant and optimal for a given
investigative task, remain elusive to a large degree. The most
commonly employed method of feature selection and hyperparameter tuning has been to perform univariate significance
testing between each employed image feature and clinical
measures of interest, using real patient data. However, this
approach can lead to diluted significance levels, increased false
discovery rates, and reduced generalization: features identified
as significant in one cohort can become insignificant when
tested on a different cohort [16]. The problem is often confounded by low number of available datasets, and a limited
range of disease phenotypes and/or severities [17]–[20].
In this paper, we propose a novel technique to perform
analysis and selection of radiomic features computed from
PET images. Our approach is based on the construction
and use of a generative (radiotracer-specific) disease model
(GDM) to predict the values of radiomic features and their
change with disease progression. The GDM is designed to
algorithmically generate synthetic PET images that replicate
progressive, disease-induced changes in radiotracer binding
measured in real patient data. The features of interest are
computed from the synthetic images, and may be used to:
1) understand how the features are expected to behave under
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idealized and controlled conditions; 2) estimate the impact
of internal and external hyperparameters, such as the choice
of ROI, on the correlation between image features and clinical measures; and 3) perform feature selection prior to model
training on real data. Synthetic images were previously used
by Orlhac et al. [21] to understand texture features of tumors.
Their approach was based on a discrete set of synthetic images
with artificial patterns, and did not include a longitudinal
disease component. In contrast, our GDM-based technique
includes a model of longitudinal disease progression obtained
from real patient data. Computational and mathematical models of longitudinal tumor growth have been the focus of a
great number of studies [22]–[25], some of which incorporate
PET-derived parameters into the models [26]–[28] as well as
variations in tumor heterogeneity [29], [30]. However, to the
best of our knowledge, such models have not been previously
used to generate synthetic PET images, and to develop and
improve PET image analysis methods.
We test the proposed GDM approach on PET images
of PD subjects with different disease durations (DDs),
acquired with a presynaptic dopaminergic radiotracer [11 C]dihydrotetrabenazine (DTBZ), a marker of the vesicular
monoamine transporter type 2 (VMAT2). In constructing the
PD GDM, we leverage the fact that functional changes in
PD progress in a relatively consistent pattern across subjects
(e.g., in contrast to tumor growth). The radiotracer binds predominantly in the striatum, producing images with localized
regions of high radioactivity concentration. Neurodegeneration
commonly results in a pronounced antero-posterior gradient of
DTBZ binding in the putamen [31], and reduced binding in the
caudate. Thus, dominant characteristics of functional changes
(rate, initial conditions, etc.) can be robustly captured from
a relatively few subjects. We replicate the average putamen
shape and the binding gradient in synthetic images; the spatiotemporal parameters of the GDM are determined by fitting
the model to the acquired data.
We first validate the GDM by comparing the measured and
simulated values for 26 texture, histogram, moment invariant
(MI), and intensity features in two types of ROIs, and their
increase or decrease as a function of DD. We also compare the
measured and simulated rankings of features in terms of their
correlation strength with DD. The validated GDM is then used
to: 1) analyze how the image features are expected to behave
with disease progression under zero intersubject variability;
2) explain the differences in feature values in different ROIs;
3) predict which features will be highly correlated (i.e., redundant) in presymptomatic and advanced stages of PD, outside
the range of DDs represented by the subjects included in the
study; and 4) predict optimal features and ROIs for tracking
PD progression in the presymptomatic and advanced stages.
II. M ETHODS
A. Clinical Data and Subjects
The study was performed using PET and MRI brain images
from 37 mild-to-moderate idiopathic PD subjects (Hoen &
Yahr stage 1 and 2), and 10 HC subjects, which were part
of several on-going studies in our center. The mean age of
PD (HC) subjects was 61.6 ± 8.0 (48.4 ± 19.0) years, range
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40 to 79 (24 to 80) years. The HC subject data were only
used for the GDM determination (elaborated below). The PD
subject data were used to fit and validate the GDM. DD from
the time of clinical PD onset was used as the clinical measure
of disease progression and covered the range between 0 and
13 years (mean 5.5 ± 4.0 years). The severity of movement
impairment was assessed off-medication (withdrawal period
12 h) according to the Movement Disorder Society’s Unified
PD Rating Scale (MDS-UPDRS, part III). All studies were
approved by the University of British Columbia Ethics Board
and all subjects gave written informed consent.
B. PET and MRI Image Acquisition and Processing
PET scans were performed after anti-Parkinson medication had been withdrawn for at least 12 h. Before radiotracer injection, transmission scans for attenuation correction
were performed over 10 min with a rotating 137 Cs source.
Subsequently, the subjects were administered 329 ± 37 MBq
of DTBZ via intravenous injection. PET coincidence data
were acquired over 60 min in list mode using the High
Resolution Research Tomograph [Siemens/Concorde, spatial
resolution (2.5 mm)3 ]. Average activity concentration images
were obtained from the data acquired over the last 30 min
(30–60 min post-injection). The images were reconstructed
using the 3-D list-mode ordinary Poisson ordered-subset
expectation maximization algorithm [32] with 16 subsets and
6 iterations, and corrections for attenuation, scattered, and
random coincidences. After reconstruction, the images were
smoothed using a 2.0 mm (full width at half-maximum)
Gaussian filter to reduce noise. The image dimensions were
256 × 256 × 207 with a voxel size (1.219 mm)3 .
Anatomical regions of interest for each subject were determined from segmentation of MRI images. MRI images were
acquired for all subjects using a T1-weighted Turbo Field Echo
sequence (TR 7.7 ms) on a Philips Achieva 3T scanner. The
acquired image dimensions were 256 × 256 × 170 with voxel
size (1.0 mm)3 . The images were resampled using trilinear
interpolation to match the PET voxel size (yielding new image
size 211 × 211 × 140 voxels).
The DTBZ PET activity concentration images were
rigidly co-registered to the respective resampled MRI images
using the SPM 12 software (www.fil.ion.ucl.ac.uk/spm/) with
mutual-information cost function. The resampled MRI images
were automatically segmented using Freesurfer 6.0 [33] to
obtain ROI masks of the striatum (putamen and caudate) and
the reference region (occipital cortex). It was verified (by
visual comparison) that using the resampled MRI images did
not negatively affect the segmentation quality. The Freesurfer
masks were transferred to the co-registered PET images.
The mean activity concentration images were then converted
to parametric binding ratio (BR) images, by dividing each
voxel’s activity value by the mean activity in the occipital
cortex.
C. ROI Definition
The better (less affected) clinical side was identified for each
PD subject using the total lateral MDS-UPDRS Part III scores:
the contralateral side in the DTBZ BR images was used in the
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Fig. 1.
Single-plane view of the anatomic putamen ROIs (ADR) and
bounding box ROIs (BBR) defined in the BR image of a PD subject.
AP = anteroposterior and LM = lateromedial.

analysis and termed “better side.” From the better-side DTBZ
BR images, radiomic features that quantified image texture,
histogram, moments, and intensity in the putamen were computed. The better-side images were used since they capture a
greater dynamic range of neurodegeneration compared to the
worse side [34]. Two types of ROIs were used: an anatomydefined region (ADR), produced by Freesurfer segmentation of
the putamen, and a larger bounding box region (BBR) enclosing the putamen (Fig. 1). The latter represented a simpler
method of region definition with less anatomically accurate
boundaries, which is expected to be less sensitive to MRI/PET
registration quality and PET partial volume effect. The bounding box was set to encompass the MRI ROIs. The size of the
box was equal to the ADR extent along the image dimensions, and the box faces were parallel to the image planes.
The BBR typically included a small portion of the caudate
head, as shown in Fig. 1.
D. Generative Disease Model Determination
The GDM was constructed to generate synthetic DTBZ
images of unilateral striatum (putamen and caudate), representative of the spatio-temporal pattern of neurodegeneration
in PD. Templates of the putamen and caudate were computed
by co-registering and averaging the volumetric putamen and
caudate masks produced by Freesurfer from all PD subjects
(Fig. 2). Voxels in the putamen and caudate templates were
assigned BRs according to two analytic equations. Different
equations were used for the putamen and caudate, since the
initial (healthy) levels of VMAT2 are known to be different
in these two structures, as well as the rates of PD-associated
VMAT2 reduction [35]. In addition, in the putamen there is
a prominently manifested spatial gradient of neurodegeneration [35], [36], while in the caudate the spatial pattern is not
well-resolved. Therefore, BRs in the putamen were assigned
using an equation that included spatial and temporal components combined into a single functional form; the caudate BR

Fig. 2.
Templates of the putamen and caudate that were used in the
GDM for synthetic DTBZ image generation. The black dotted line is the
medial axis of the putamen. IS = inferosuperior; LM = lateromedial and
AP = anteroposterior.

equation only included a temporal component
BR1 (x, t) = A1 e−a1 (x+b1 )(t+c1 ) + B
−a2 (t+c2 )

BR2 (t) = A2 e

+B

(1)
(2)

where BR is the binding ratio, x is the antero-posterior distance along the putamen, t is the clinical DD (measured in
years, starting from the clinical disease onset), A is the BR
in healthy state, and B is the background BR. Subscripts
1 and 2 refer to the putamen and caudate terms, respectively;
structure-specific a, b, and c are the fitting parameters. It has
indeed been demonstrated that the disease-associated change
in DTBZ binding follows an exponential behavior as a function of DD [36]. Given the known PD-induced gradient of the
dopaminergic deficit, the spatial component of neurodegeneration in the putamen was also modeled with an exponential
function.
The values for A1 = 4.0 and A2 = 3.5 were determined
by measuring the BR in the respective structures of the HC
subjects (one brain side of each HC subject was used, chosen
randomly). The value of B was set to 1.0, assuming that tissues
in the background should have similar radiotracer binding as
the reference region (occipital cortex).
The parameters a1 , b1 , and c1 were determined by fitting (1) to BR image profiles [Fig. 3(b)] measured in the
better-side putamens of all PD subjects. The profiles were
measured along the medial axis of the putamen (also known
as the topological skeleton): a 3-D line along the proximodistal direction that is equidistant from the structure boundaries
(Fig. 2). By construction, the medial axis followed the natural
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(a)

Fig. 4. Acquired and synthetic DTBZ BR images of one side of the striatum,
in subjects with different DDs.

(b)
Fig. 3. (a) BR profiles in the putamens of PD subjects, measured on the better
brain side. Distance is measured from the anterior boundary of the putamen,
along the medial axis. (b) Surface described by (1) fitted to the profile data
(y corresponds to t). The residual histogram is given in the inset, with overlaid
normal distribution (solid line) of equal variance and zero mean.

anatomical curvature of the putamen. The BR profiles are
plotted in Fig. 3(a), and the surface defined by fitted (1)
is plotted in Fig. 3(b). The fitted values of the parameters (with 95% confidence intervals) were a1 = 5.3 × 10−3
(4.9 × 10−3 , 5.6 × 10−3 ), b1 = 5.9 (4.9, 6.9), c1 = 6.7
(6.3, 7.2). The root mean-squared-error (RMSE) of the fit was
0.36.
The parameters a2 and c2 were determined by fitting (2) to
the measured values of mean caudate BR as a function of DD
(in the PD subjects). The mean caudate BR was measured on
the better side of the brain, in the caudate head. The fitted
values (with 95% confidence intervals) were a2 = 5.0 × 10−2
(2.2 × 10−2 , 7.8 × 10−2 ), c2 = 7.6 (0.7, 14.6). The RMSE of
the fit was 0.54.
E. GDM Image Generation
Using the putamen and caudate templates and (1) and (2),
a temporal sequence of synthetic BR images was generated
using the following steps.
1) Start with a zero image.
2) For a given time t (DD), set all voxels in the caudate
mask to the value given by the fitted (2).
3) Set voxels in the putamen mask to values given by the
fitted (1); the distance x is measured along the medial
axis of the mask (Fig. 2), starting from the anterior end.

4) Set voxels outside the putamen and caudate masks to
B = 1.0.
5) Apply Gaussian smoothing with kernel full-width at
half-maximum 2.7 mm, modeling the resolution of the
scanner.
6) Add random noise on the voxel level.
7) Apply Gaussian smoothing with kernel width 2.0 mm
to account for post-reconstruction smoothing.
The images were generated for t ranging from −10 to 20
years, in 0.5-year increments, thus fully covering the DD
range of the studied PD subjects (0 to 13 years). The synthetic images that corresponded to t < 0 and t > 13 years
extrapolated the model outside the DD range of the PD
subjects and were not further validated with acquired data.
For each value of t, 100 images with random noise were
generated.
To simulate image noise (step 6), we measured noise
in the acquired DTBZ images of HC subjects using ROIs
defined over the reference region and uniform regions with
high tracer binding (putamen). The measured coefficient of
variation (standard deviation divided by the mean BR) was
averaged across the subjects and replicated in the synthetic
images. Although PET coincidence data are known to be
Poisson-distributed, the reconstruction and post-processing
procedures (temporal and spatial smoothing) produce normally distributed noise on the voxel level. This was indeed
confirmed by examining the histograms of BR values in the
ROIs. Accordingly, Gaussian noise was added to every voxel,
followed by Gaussian smoothing in step 7.
Examples of acquired and synthetic BR images for different DDs are compared in Fig. 4. The values of radiomic
features computed from the synthetic images are termed “simulated” values. The simulated feature values were computed
in two ROIs (ADR and BBR) defined in the synthetic images
similarly to those in the acquired images.
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F. Radiomic Features Included in the Analysis
The employed features included the Haralick texture features (HRFs), histogram features (HSFs), MIs, and intensity
features. We did not include size-quantifying features (such
as volume) since they were already explored in our previous
work [6] and found to be weaker PD progression trackers
compared to the standard intensity features. The values of
all employed features were computed from the acquired BR
images (on the better brain side) and synthetic images within
ADR and BBR.
To compute the HRFs, the voxel BR values were resampled
into 16 equally sized bins between the 1st and 99th percentiles
of the BR values within the ROI (relative resampling). The
gray level co-occurrences were counted into a gray level cooccurrence matrix (GLCM) in the antero-posterior direction
(direction of disease-related gradient). The GLCM stepping
distance was three voxels, which accounted for reconstructioninduced correlation between neighboring voxels and still kept
a reasonable number of GLCM counts. For this paper, we
chose a set of 15 frequently used HRFs [7], [37]–[41] (given
in the Appendix). Using highly correlated features for GDM
validation may bias the model accuracy estimates. Thus, for
GDM validation, the following subset of 11 HRFs that were
not highly correlated (R2 < 0.95) in the acquired images (in
both ROIs) was identified: autocorrelation (ACRL), correlation
(CRL), cluster prominence (CLP), cluster shade (CLS), dissimilarity (DIS), energy (ENR), entropy (ENT), homogeneity
(HOM), information measure 1 (INF1), maximum probability (MPR), sum ENT (SENT). From pairs of HRFs that
were highly correlated, a mathematically simpler feature was
chosen.
To investigate the GDM-predicted behavior of features outside the available DD range, the following four HRFs were
used in addition to the set above: contrast (CTR, correlated
with DIS), information measure 2 (INF2, corr. with CRL),
normalized HOM (NHOM, corr. with HOM), sum average
(SAVG, corr. with ACRL).
Notably, several HRFs have similar terms in their formulations, such as DIS and HOM that both contain the term
|i − j| (i and j denote gray level bins). In the absence of noise,
one may naturally expect a very high correlation between
these features, and testing both features on real data may
seem redundant. In practice, however, the degree of correlation between these features (and with clinical metrics) may
vary due to their different responses, or sensitivities, to the
signal and noise. This stems from the fact that DIS is linear with respect to |i − j|, while HOM includes its reciprocal;
analogous arguments hold for other HRFs that contain similar
terms.
The HSFs were computed from the gray value images,
which were obtained using the same procedure employed to
compute the GLCM (16 gray level bins). The computed HSFs
included: histogram mean (HistMean), variance (HistVar),
skewness (HistSkew), kurtosis (HistKurt), maximum value
(HistMax), energy (HistEner), and entropy (HistEnt).
The MIs J1 and J2 (mathematical definition given in the
Appendix) were calculated as specific combinations of image

moments that provide invariance to scaling, translation, and
rotation [42], [43]. They represent measures of distanceweighted variance and co-variance of the BR values within
the analyzed ROIs.
The intensity features included the mean DTBZ BR, and
the total relative uptake (TRU) within the ROI. The TRU was
calculated as the sum of voxel BR values that were above
the BR = 2.0 threshold. With the HRFs and HSFs, information about the absolute voxel intensity differences between
the subjects was removed in the process of relative resampling. With the MI and intensity features, this information was
preserved.

G. GDM Validation
To evaluate the accuracy of the model, we compared the
simulated and measured image feature values in the ADR and
BBR, correlations with DD, and feature ranks (in the range
of DD from 0 to 13 years). For feature value comparison, the
mean and standard deviation of each feature was measured
from 100 randomly generated synthetic images, for each value
of DD. The means and standard deviations were plotted against
DD, and overlaid with the scatter plots of the measured feature
values from the acquired images. The Spearman’s rank correlation coefficients ρ between the measured image features
and DD were compared to the GDM-simulated correlation
coefficients. To compute the simulated correlation coefficients,
we used the same 37 DDs that were represented in the PD
subjects. When generating a set of corresponding synthetic
images, a random offset was added to each DD from the set
[−1, 0, 1] (years) to simulate the uncertainty in the assessment of clinical DD. The image features computed from
the resulting synthetic images were regressed against the 37
nonaugmented DDs. The procedure was repeated 100 times
with simulated random image noise, to obtain the mean and
standard deviations of the expected ρ values. Thus, the simulated correlation coefficients account for feature variability due
to image noise and a 1-year uncertainty in clinical DD. For
each type of ROI, the image features were ranked in terms of
their correlation strengths with DD. As the final step in GDM
validation, we compare the simulated and measured feature
rank orders.

H. Feature and ROI Selection for Presymptomatic
and Advanced PD
We used the validated GDM to predict the behavior of the
radiomic features outside the measured DD range, pairwise
correlations between the HRFs, correlations with DD, feature
ranks, and optimal ROIs in presymptomatic and advanced disease stages. For the purposes of this paper, the presymptomatic
stage was defined as the range of DDs from −10 to 0 years.
The advanced stage was defined as the range of DDs from
13 to 20 years.
To compute the predicted correlation coefficients (and
ranks) for presymptomatic disease, synthetic images were
randomly generated for DDs from −10 to 0, in 0.5-year
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Fig. 5. Plots of the simulated and measured image features versus DD in the ADR. The line graphs represent the means and standard deviations of the
simulated values, while the overlaid scatter plots represent the measured data. The range of DDs represented in the PD subjects is marked by vertical dashed
lines. Negative DDs represent extrapolation to the presymptomatic stage of the disease (DD = −10 years corresponds to a healthy state).

increments (21 images). In each random trial, feature values were computed from the images. Pearson’s correlation
coefficients R2 between pairs of features were computed, as
well as the Spearman’s correlation coefficients ρ between
each feature and DD. The procedure was repeated 100 times,
yielding the predicted mean values and standard deviations
of R2 and ρ’s, for ADR and BBR. This method simulates longitudinal DTBZ PET imaging of a single subject
every six months. For the advanced disease, synthetic images
were produced for DDs in the range from 13 to 20, in
0.5-year increments (15 images); the rest of the procedure was
the same.

III. R ESULTS
A. GDM Validation: Comparison of Simulated and
Measured Feature Values As Functions of DD
The values of the image features obtained from the acquired
images in the ADR are plotted against DD in Fig. 5, along
with the simulated image features. The graphs demonstrate
that in the interval 0 ≤ DD ≤ 13 years, the trends of
feature change agree between the simulated and measured
data. The ranges and magnitudes of the simulated and measured feature values are also in a good agreement. However,
for the intensity and MI features, as well as some HRFs
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Fig. 6. Plots of the simulated and measured image features versus DD in the BBR. Vertical lines mark the range of DDs that was represented in the PD
subjects.

(e.g., CRL, CLP, and CLS), the variability in the measured data exceed the GDM-estimated standard deviations.
Additionally, there appear to be a relatively small bias present
in the simulated values of ACRL, ENR, and MPR for
DD > 10 years.
The simulated plots in Fig. 5 reveal that over an extended
range of DD, most of the features change nonmonotonically
with disease progression: the majority of HRFs, as well as
HistMean and HistSkew, have unimodal “U”-shaped graphs,
where an initial upward or downward trend is followed by
the converse (most pronounced with CRL). The locations
of the extrema and plateaus on the DD-axis vary between

the features. For example, with CRL and CLP, the extremum
was at DD ≈ 6 years, while with HOM and HistMean it was at
DD ≈ 10 years. In those cases where the interval 0 ≤ DD ≤ 13
years contained a simulated heap or a plateau, there was similarly no trend toward increase or decrease in the measured
data.
The simulated and measured feature values in the BBR are
plotted against DD in Fig. 6. The simulated feature values,
and the respective trends of change with DD, are generally in
agreement with the measured values. The simulated intensity
and MI features, as well as in several HRFs and HSFs, have
greater biases compared to the ADR.
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(a)

(b)
Fig. 7. Simulated and measured Spearman’s correlation coefficients ρ between the image features and DD, for (a) ADR and (b) BBR. The measured data
error bars (standard deviation) were obtained using bootstrapping.

The behaviors of features with DD were markedly different in the ADR and BBR. Most HRFs computed in the BBR
were observed and predicted to change monotonically with
respect to DD, in contrast to what observed in the ADR.
For example, INF1 appeared to be distributed randomly in
the ADR, while in the BBR, there was a pronounced upward
trend with DD. Additionally, the ranges of all features except
INF1 were significantly different (p < 0.05) between the ADR
and BBR.

B. Simulated and Measured Correlation of Image
Features With DD
The simulated and measured correlation coefficients
between the DD and image features in the ADR are plotted
in Fig. 7(a); the corresponding plots for the BBR are shown
in Fig. 7(b). For those features that reached the significance
level (p < 0.05), there was a complete agreement between
the measured and simulated signs of ρ, in both ROIs. Thus,
the GDM correctly predicted positive and negative trends of
feature value change with disease progression. In the ADR,
the simulated and measured values of ρ for HRFs and HSFs
agreed within error, while for the MI and intensity features, the
measured ρ values were lower than the simulated values. In
the BBR, the simulated ρ values were consistently lower than

Fig. 8. Comparison of the measured and simulated ranks of features, in
terms of their correlation with DD, in the ADR (left) and BBR (right).

the measured values. However, the rank orders of features, in
terms of ρ magnitudes, agreed well (Fig. 8).
Different features were significantly correlated with DD
in the ADR and BBR. For example, for ACRL, ENR, and
HistMean the measured correlation with DD was significant
in the ADR, and insignificant in the BBR. The opposite was
observed, for example, with CRL, CLP, INF1, and HistMean.
CLS had similar correlation strengths with DD in both ROIs,
but with different signs of ρ. The intensity-based features and
MIs had the strongest measured correlations with DD in both
types of ROI.
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Overall, simulated feature values were in good agreement
with the real data—in terms of the ranges of values, trends of
change with disease progression, and correlation rank orders.
Comparing the correlation coefficients in Fig. 7 to the respective graphs in Figs. 5 and 6, the following patterns can be
observed: 1) whenever the interval 0 ≤ DD ≤ 13 years
contained a monotonic portion of the simulated graph, a significant correlation with DD was measured for that feature and
2) on the contrary, a hump or plateau in the simulated feature values generally corresponded to insignificant measured
correlation with DD.
C. Extrapolative Prediction of Redundant and Optimal
Features for Presymptomatic and Advanced PD Tracking
From the simulated feature graphs in Figs. 5 and 6, it can
be seen that features are predicted to change differently as a
function of DD in the presymptomatic and advanced disease
stages. This implies that different features may be strongly
correlated with each other, and with DD, at different stages of
disease.
The GDM-predicted correlation coefficients between pairs
of features in presymptomatic and advanced PD are shown
in Fig. 9(a) and (b), for the ADR and BBR, respectively. In
the ADR, mostly same pairs of features are predicted to be
highly correlated in presymptomatic and advanced PD, except
SENT/CLP (presymptomatic PD R2 = 0.92, advanced PD
R2 = 0.49). However, in the BBR, different pairs of features
are predicted to be correlated at different disease stages—e.g.,
SAVG/ACRL, DIS/CTR, HOM/NHOM, etc. The pairwise correlations can also be compared between the two ROI types. In
presymptomatic PD, different features are expected to be correlated in the ADR and BBR (e.g., for CLS/CLP R2 = 0.22 in
the ADR, 0.99 in the BBR). In advanced PD, correlated pairs
of features are predicted to be similar in the ROIs.
The predicted feature ranks (in terms of correlation with
DD) in the presymptomatic and advanced stages are given in
Fig. 10(a) and (b) for the ADR and BBR, respectively. As can
be seen from the figures, the GDM predicts that ranking of
features will be affected by the disease stage; however, the MI
and intensity features are expected to have the highest ranks in
both stages. These predictions reflect trends in the simulated
graphs of Figs. 5 and 6: a monotonic change of features with
DD, combined with a high slope-to-standard deviation ratio,
produced high predicted correlation coefficients. The GDM
predicts that the optimal ROI type for features (i.e., the one
with higher ρ) should also change with disease stage. Notably,
in advanced disease, almost all HRFs (except SENT) and all
HSFs are predicted to track disease progression better in the
BBR than in the ADR.
IV. D ISCUSSION
A. Implications of Findings for Feature Selection and
Predictive Modeling in PET Imaging
In this paper, we developed a GDM-based approach to
radiomic feature analysis and selection in PET imaging and
applied it to a specific study case of progressive dopaminergic neurodegeneration in PD. The generated synthetic PET

images of localized radiotracer distribution were relatively
simple. Thus, the study results and methodology should be
transferrable to other PET imaging applications, where radiotracer uptake in a specific region monotonically changes with
disease progression and/or treatment. Despite its relative simplicity, the GDM produced values of 22 distinct features that
agreed with the measurements, and predicted the feature rank
orders with reasonable accuracy in two types of ROIs (Fig. 8).
The GDM revealed that with lower intersubject variability, texture and HSFs are expected to change nonmonotonically with
disease progression characterized by a monotonic change of
the radiotracer binding (Figs. 5 and 6). According to the GDM
predictions, the range of DDs represented in the PD subjects
was not sufficiently wide to fully reveal the expected functional
U-shapes in the graphs; instead, only parts of the U-shape
were captured in the measured data—monotonic portions
and humps/plateaus. The former were associated with significant measured correlations, while the latter corresponded to
insignificant correlations. This implies that when measuring
correlations between radiomic features and clinical metrics, the
outcome may depend strongly on the range of analyzed disease
stage or severities. The effect of disease stage is reflected in the
predictions of feature ranks in Fig. 10, which shows that different features should be optimal for tracking presymptomatic
and advanced PD. Similarly, the GDM predicted that selection
of nonredundant (not correlated) features will depend on the
disease stage and ROI definition, as illustrated by Fig. 9(a)
and (b). Thus, radiomic features determined to be nonredundant in one cohort (including here), should not be blindly
transferred for use in another study/cohort.
In addition to the disease stage, the ROI choice also
strongly affected the feature values and their correlations
with DD—e.g., some features were significantly correlated
with DD in the BBR, but not in the ADR (e.g., INF1).
Examination of the measured and synthetic BR histograms
and GLCMs1 revealed that the main mechanism by which the
ROI definition affected the feature values was the inclusion
of additional background voxels in BBR. In the ADR,
the distributions were approximately normal at DD = 0 y
(HistMean ≈ 8.0, and HistSkew ≈ 0, HistKirt ≈ 2.5). The
effect of disease progression was to decrease HistMean
and increase HistSkew and HistKurt. In the BBR, the large
background fraction drastically changed the histogram shapes
by adding many counts in the lower-value bins. Histograms
in the BBR had lower HistMean ≈ 5.5, were positively
skewed (HistSkew ≈ 1.0, introduced by the voxels with
high BR) and sharply peaked (HistKurt ≈ 4). Inclusion of
a large background fraction grounded HistMean as well as
the lower bound for relative resampling; thus, the dynamics
of histogram change with disease progression were altered in
the BBR compared to the ADR.
When using HRFs, the results show that more general and
wider ROIs may be optimal for some studies, in the sense
that they may produce a more monotonic feature behavior
with respect to disease. We believe this is partially due to the
1 Examples of image histograms and GLCMs in the ADR and BBR are
available in the supporting documents/multimedia tab.
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(a)

(b)

Fig. 9. GDM predictions of the pairwise correlations between HRFs in presymptomatic and advanced PD, in the (a) ADR and (b) BBR. Highly correlated
features are highlighted.

grounding of the lower bound for GLCM resampling. Different
feature values and behaviors in different ROIs (CLS being the
most prominent example) may require reassessing their visual
meaning: do radiomic features mean different things in different ROIs? In future studies, we recommend paying particular
attention to the amount of background voxels included in the
ROI, and the method of ROI definition in general.
Collectively, these findings have implications for the use of
machine learning in PET imaging, specifically for the selection
of the appropriate model, input data, and ROI. Evidently, models
to predict or track disease progression, must either account for
the nonmonotonic feature behavior with disease progression, or
focus on a narrow and specifically defined disease stage. In the
former case, the use of linear models (e.g., multivariate linear
regression) would not be appropriate. It stands to reason that
most robust machine learning models—those that are generalizable and transferrable between different cohorts—should be
obtained using as large as possible representation of different
disease severities and phenotypes in the training data.
B. Findings Relevant to PD Imaging Studies
Traditional metrics used in PD PET imaging quantify radiotracer uptake. Here we demonstrate that texture and HSFs,

evaluated from high-resolution DTBZ PET images of the striatum, also correlate significantly (p < 0.01) with PD duration.
Since the HRFs and HSFs were computed from the resampled gray value images, with uptake quantification removed,
this implies that in PD the spatial pattern of radiotracer distribution alone is a statistically significant predictor of DD.
However, the HRFs and HSFs did not correlate with DD
as strongly as the intensity features—MIs, TRU, and mean
BR. An interesting finding, from a practical standpoint, is that
features may be computed from bounding box ROIs without
substantial loss of correlation. Depending on the investigative
task, this may potentially obviate the need to: 1) perform MRI,
if the bounding box ROIs are defined using PET images alone
and 2) perform kinetic modeling to derive tissue characteristics
such as the nondisplaceable binding potential.
Imaging studies of asymptomatic subjects in high-risk populations hold great promise to help elucidate PD mechanisms
and develop disease-modifying therapies. For such studies, the
GDM predicts optimal features for tracking presymptomatic
PD progression (Fig. 10). The strongest correlation with disease progression (and the strongest predictive strength) should
be achieved with those features that change rapidly upon first
disease-induced changes in radiotracer binding, and are robust
with respect to image noise. One observation of interest is
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(a)

(b)
Fig. 10. GDM predictions of the correlation coefficients between the image features and DD, and feature ranks, in the presymptomatic and advanced stages.
The greatest rank differences are highlighted by solid lines. (a) ADR and (b) BBR.

that the strongest correlation with DD was measured for the
J2 MI—a feature that quantifies both the uptake and the spatial distribution of the radiotracer. J2 is expected to maintain
approximate linearity and monotonicity over the entire range
of modeled DDs from −10 to 20 years.
C. Limitations of the GDM
This particular GDM was developed in the context of
markers that track progressive functional atrophy in PD. The
amount, rate, and spatial patterns of atrophy are relatively
uniform and consistent across subjects. We therefore focused
on constructing a GDM that reflected the average PD progression rate. Hence, we only modeled the noise that would
arise from the imaging process, and did not model other factors contributing to the data variability, such as the natural
intersubject variability. As expected, this approach underestimates the total variability observed in the acquired data,
as confirmed by the plots in Figs. 5 and 6. However, the
overall trend observed in the simulated and measured metrics
behavior is remarkably similar, indicating that this relatively
simple model captures the main features related to disease

progression. While a similar approach can be used to model
disease progression in cases where disease follows a relatively
well defined spatiotemporal pattern, diseases that affect tracer
distribution in a more complex way, such as tumor growth,
would require more sophisticated modeling.
Some of the simulated image features also had a small bias
compared to the respective measured values. As mentioned
above, the synthetic images were produced by a GDM that was
relatively simple: radiotracer uptake in only two structures was
modeled over a completely uniform background. Bias in some
simulated features can likely be attributed to the approximate
background modeling; in reality, there may be some uptake
inhomogeneities in the tissues around the striatum. Indeed, a
greater bias between the simulated feature values and measurements was observed in the BBR that included the surrounding
tissues.
D. Future Development and Applications
of GDMs in PET
The general GDM-based approach to can be further
extended and improved for different tasks related to PET and
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SPECT image analyses. Instead of using analytical model fitting, a more adaptive stochastic approach may be employed for
synthetic image generation, based on the principal component
analysis or other data decomposition and clustering methods. Intersubject variability in radiotracer binding, anatomical
structure shapes and sizes can be included by appropriate sampling over the model’s parameters. In oncology, where the
pattern of tumor growth may not be sufficiently consistent
from patient to patient to construct a data-driven model, GDMs
can potentially be used in conjunction with tumor growth
models [44]. Of particular interest are those models that can
generate synthetic volume images of tumors with varying levels of heterogeneity [29], [45], [46]. In addition to feature
selection and analysis, GDMs can be used to: 1) estimate the
relative contribution of image noise, resolution, contrast, and
other factors on the feature values; 2) establish the appropriate parametric functional forms for data fitting and predictive
models; and 3) perform pretraining of machine learning models that require large amounts of data, such as deep neural
nets.
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HXY = −


i

p(i, j) log(p(i, j)).

j

The following 15 HRFs were included in the analysis:
1) Autocorrelation (ACRL):

(ij)p(i, j).
ACRL =
i

2) Contrast (CTR):

i

3) Correlation (CRL):

i

CRL =

Here we provide mathematical definitions of the used HRF
and MI image features. Definitions of the HSF and intensity
features are omitted as self-explanatory.
Haralick Features: In formulating the HRFs, the following
abbreviations are used:
p: normalized gray-level co-occurrence matrix
Ng : number of gray level bins
i, j: indexes of the gray level bins
p(i, j): value of p at row i and column j
Ng
px (i) =
p(i, j)
j=1
Ng
p(i, j)
py (j) =
i=1
Ng Ng

px+y (k) =
μx =





(p(i, j)|i + j = k)



ipx (i)

i

σy =

i

j

HXY1 = −
HXY2 = −
HX = −

(i − μx ) p(i, j)
(j − μy )2 p(i, j)


i

j

i

j





p(i, j) log(px (i)py (j))
px (i)py (j) log(px (i)py (j))

px (i) log(px (i))

i

HY = −


j

j

5) Cluster shade (CLS):

(i + j − μx − μy )3 p(i, j).
CLS =
i

(7)

j

6) Dissimilarity (DIS):
DIS =


i

|i − j|p(i, j).

(8)

j

7) Energy (ENR), also called uniformity and angular second moment in literature

ENR =
p(i, j)2 .
(9)
i

8) Entropy (ENT):

j


i

2

j



(5)

p(i, j) log(p(i, j)).

(10)

j

j

10) Information measure 1 (INF1):

j

σx =

.

4) Cluster prominence (CLP), also called cluster tendency
in literature

CLP =
(i + j − μx − μy )4 p(i, j).
(6)

i

jpy (j)



(i − μx )(j − μy )p(i, j)

9) Homogeneity (HOM), also called inverse difference

1
HOM =
p(i, j).
(11)
1 + |i − j|

i

μy =

(4)

j

σx σy

ENT = −

i=1 j=1

(i − j)2 p(i, j).

j

i

A PPENDIX



CTR =

(3)

j

py (j) log(py (j))

INF1 =

HXY − HXY1
.
max(HX, HY)

(12)

11) Information measure 2 (INF2):
INF2 = (1 − exp(−2(HXY2 − HXY)))1/2 .
12) Normalized homogeneity (NHOM):

1
NHOM =
p(i, j).
|i−j|
i
j 1 + Ng

(13)

(14)

13) Maximum probability (MPR):
MPR = max(p(i, j)).
i,j

(15)
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14) Sum average (SAVG):
SAVG =

2Ng


ipx+y (k).

(16)

k=2

15) Sum entropy (SENT):
SENT = −

2Ng


px+y (k) log{px+y (k)}.

(17)

k=2

Moment Invariants: MIs are calculated as specific combinations of image moments that provide invariance to scaling,
translation, and rotation. For a volume image, moments of
order n = p + q + r within the ROI are given by
 +∞  +∞  +∞
xp yq zr f (x, y, z)dxdydz
(18)
mpqr =
−∞

−∞

−∞

where f (x, y, z) is the value of voxel with coordinates (x, y, z)
within the ROI. The first-order moments can be used to find the
centroid coordinates of the object in each direction as follows:
x̄ =

m100
m010
m001
, ȳ =
, z̄ =
.
m000
m000
m000

(19)

To obtain invariance to position in the image, central moments
are used and are defined as follows:
 +∞  +∞  +∞
μpqr =
(x − x̄)p (y − ȳ)q (z − z̄)r
−∞

−∞

−∞

× f (x, y, z)dxdydz.

(20)

In addition, central moments can be made invariant to the
size of the object by normalizing them appropriately. Since
low-order moments are less sensitive to noise and easier to
calculate, it is common to normalize by the smallest order
moment μ000
ηpqr =

μpqr
p+q+r
3 +1

μ000

.

(21)

To obtain invariance to rotation, the normalized central
moments need to be combined in specific ways. The combinations have been derived analytically by different authors.
In this paper, the following definitions are used.
1) Moment J1:
J1 = η200 + η020 + η002 .

(22)

J2 = η200 η020 + η200 η002 + η020 η002
2
2
2
− η101
− η110
− η011
.

(23)

2) Moment J2:
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