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Abstract

Purpose This study investigated the potential of deep convolutional neural networks (CNN) for automatic classification of FP-
CIT SPECT in multi-site or multi-camera settings with variable image characteristics.

Methods The study included FP-CIT SPECT of 645 subjects from the Parkinson’s Progression Marker Initiative (PPMI), 207
healthy controls, and 438 Parkinson’s disease patients. SPECT images were smoothed with an isotropic 18-mm Gaussian kernel
resulting in 3 different PPMI settings: (i) original (unsmoothed), (ii) smoothed, and (iii) mixed setting comprising all original and
all smoothed images. A deep CNN with 2,872,642 parameters was trained, validated, and tested separately for each setting using
10 random splits with 60/20/20% allocation to training/validation/test sample. The putaminal specific binding ratio (SBR) was
computed using a standard anatomical ROI predefined in MNI space (AAL atlas) or using the hottest voxels (HV) analysis. Both
SBR measures were trained (ROC analysis, Youden criterion) using the same random splits as for the CNN. CNN and SBR
trained in the mixed PPMI setting were also tested in an independent sample from clinical routine patient care (149 with non-
neurodegenerative and 149 with neurodegenerative parkinsonian syndrome).

Results Both SBR measures performed worse in the mixed PPMI setting compared to the pure PPMI settings (e.g., AAL-SBR
accuracy = 0.900 +0.029 in the mixed setting versus 0.957+0.017 and 0.952+0.015 in original and smoothed setting, both
p<0.01). In contrast, the CNN showed similar accuracy in all PPMI settings (0.967 +0.018, 0.972 £0.014, and 0.955 + 0.009 in
mixed, original, and smoothed setting). Similar results were obtained in the clinical sample. After training in the mixed PPMI
setting, only the CNN provided acceptable performance in the clinical sample.

Conclusions These findings provide proof of concept that a deep CNN can be trained to be robust with respect to variable site-,
camera-, or scan-specific image characteristics without a large loss of diagnostic accuracy compared with mono-site/mono-
camera settings. We hypothesize that a single CNN can be used to support the interpretation of FP-CIT SPECT at many different
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sites using different acquisition hardware and/or reconstruction software with only minor harmonization of acquisition and

reconstruction protocols.

Keywords Deep learning - Convolutional neural network - Dopamine transporter - SPECT - FP-CIT - Domain adaption

Introduction

SPECT with N-w-fluoropropyl-23-carbomethoxy-3 (3-(4-1-
123-iodophenyl)nortropane (FP-CIT) is widely used for de-
tection (or exclusion) of nigrostriatal degeneration in clinically
uncertain parkinsonian syndromes (PS) [1-4]. The interpreta-
tion of FP-CIT SPECT is primarily based on visual reading
which provides high accuracy with respect to the differentia-
tion between neurodegenerative PS (with nigrostriatal degen-
eration) and non-neurodegenerative PS (without nigrostriatal
degeneration) [5, 6].

Visual reading can be complemented by semi-quantitative
analysis of striatal FP-CIT uptake [7, 8], the specific binding
ratio (SBR) being still the most widely used semi-quantitative
measure in FP-CIT SPECT [9-12]. A recent study by Booij
and co-workers found that the combination of visual reading
and SBR analysis was not inferior to visual reading alone and
resulted in increased reader confidence [7]. There was also
some weak evidence that adding SBR analysis might allow
physicians with only a little experience in the interpretation of
FP-CIT SPECT to reach similar performance as experienced
readers [7]. Albert and co-workers re-analyzed FP-CIT scans
that had initially been interpreted as inconclusive and found
that SBR analysis with correction for patient age and camera-
specific variability might help to clarify some of these cases
[13]. Together, these findings suggest that the utility of the
conventional SBR is limited in clinical routine except for
some possible incremental value for inexperienced readers
and in borderline cases.

The major factor limiting the utility of SBR analysis is its
sensitivity with respect to the site- and/or camera-specific var-
iability of SPECT image characteristics caused by differences
in acquisition and reconstruction protocols [14-21]. This sen-
sitivity complicates the sharing of normal databases and SBR
cut-off values between sites/cameras. In addition, the SBR is
not only affected by site-/camera-specific variability but also
by scan-specific variabilities such as head motion and varying
radius of rotation of the camera heads [22, 23]. This results in
increased variability of the SBR reducing its power to detect
actual changes of striatal DAT availability also in mono-site/
mono-camera settings.

Fully automatic classification of FP-CIT SPECT images
may support visual reading and improve reader confidence
similar to or better than SBR analysis. The rationale for this
is that high-dimensional expert systems might be trained to
account for site-, camera-, and scan-specific variability of

image characteristics of FP-CIT SPECT, similar to human
readers that are usually less sensitive to this variability than
conventional SBR analysis (Fig. 1). The aim of this study,
therefore, was to assess the performance of a deep learning-
based classifier (convolutional neural network, CNN) [24, 25]
to deal with varying image characteristics in FP-CIT SPECT.

Other deep learning applications in nuclear medicine brain
imaging include image classification of brain FDG PET in
cognitively impaired patients [26—32], detection, delineation,
and classification of brain tumors in brain PET with FDG or
amino acid tracers [33, 34], image registration and spatial
normalization of brain amyloid PET [35], image
enhancement/denoising in brain FDG PET [36, 37], estimat-
ing synthetic brain FDG PET images from individual MRI
[38], and generating pseudo-CT images from individual
MRI for attenuation correction in brain PET [39].

Materials and methods
PPMI sample

The first sample of FP-CIT SPECT images used in this study
was obtained from the Parkinson’s Progression Markers
Initiative (PPMI) (www.ppmi-info.org/data) [40]. Up-to-date
information on the PPMI is given at www.ppmi-info.org. The
PPMI is a longitudinal, multi-center study that aims to assess
the progression of clinical features, imaging, and biologic
markers in patients with Parkinson’s disease (PD) and healthy
control (HC) subjects. Details of the PPMI eligibility criteria
are given at http://www.ppmi-info.org/wp-content/uploads/
2014/01/PPMI-AM7-Protocol.pdf. Details of the PPMI FP-
CIT SPECT protocol are given at http://www.ppmi-info.org/
study-design/research-documents-and-sops/ [40]. Raw
projection data had been transferred to the PPMI imaging
core lab for central image reconstruction using an iterative
ordered-subsets-expectation-maximization algorithm on a
HERMES workstation.

We downloaded the first FP-CIT scan of all HC subjects
and all PD patients (November 22, 2017). The visual inspec-
tion resulted in the exclusion of 3 HC scans because of re-
duced striatal FP-CIT uptake (PPMI-ID 3221, 3478, and
4095) and 8 PD scans because of normal striatal FP-CIT up-
take (3027, 3289, 3290, 3534, 3618, 3623, 3660, and 3863).
A total of 645 FP-CIT SPECTs were included, 207 of HC
subjects and 438 of PD patients.
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Fig. 1 Specific binding ratio (SBR) of the whole striatum (hottest voxels
analysis as described in the “Materials and methods” section, mean of
both hemispheres) as a function of the amount of additional smoothing
achieved by post-filtering the original unsmoothed image with a 3-
dimensional Gaussian filter to simulate site-specific variability of spatial
resolution. This was done for a healthy control subject (upper curve) and a
Parkinson’s disease subject (lower curve) of the Parkinson’s Disease
Progression Marker Initiative (subject-ID 3013, 3014). A slab view
through the striatum of the (smoothed) image is shown with each data

In order to simulate FP-CIT SPECT with very low spatial
resolution, we applied an isotropic Gaussian filter with 18-mm
full-width-at-half-maximum to each of the original 3-
dimensional PPMI SPECT images prior to any further pro-
cessing. This resulted in 3 different PPMI settings: (i) original
(unsmoothed) (207 HC, 438 PD), (ii) smoothed (207 HC, 438
PD), and (iii) mixed setting comprising all original and all
smoothed images (414 HC, 876 PD).

Clinical sample

Two hundred ninety-eight patients from routine clinical
patient care were recruited retrospectively from the data-
base of the University Medical Center Hamburg-
Eppendorf. The patients were categorized into “neurode-
generative PS” and “non-neurodegenerative PS.” The
neurodegenerative group (n =149, 46.3% females, 64.9
+10.7 y) comprised (i) the Lewy body disease spectrum
(n=132, 88.6%) including PD, PD dementia, and demen-
tia with Lewy bodies, and (ii) atypical Parkinsonian syn-
dromes (n=17, 11.4%) including multiple systems atro-
phy, progressive supranuclear palsy, and corticobasal de-
generation. The non-neurodegenerative group (n =149,
50.3% females, 66.2+11.8 y) comprised essential tremor,
drug-induced parkinsonism, several types of dystonia,
psychogenic parkinsonism, and various other diagnoses
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point. The color table was scaled to the dynamic range of voxel intensities
separately for each image. The dashed line indicates the cut-off to detect
Parkinson’s disease by SBR analysis of original (unsmoothed) images.
The performance of this fixed cut-off worsens with decreasing spatial
resolution. In particular, it results in misclassification of normal scans as
Parkinson’s disease when applied to images with 12 mm or more post-
smoothing. However, correct visual interpretation of the images is possi-
ble until at least 18-mm post-smoothing

not associated with nigrostriatal degeneration. The clinical
diagnosis as standard of truth was taken from the written
report of a movement disorder specialist in the patient’s
file at least 12 months after FP-CIT SPECT in all 149
patients with neurodegenerative PS (mean follow-up 41
+23 months, range 13—-96 months) and in 44 of the pa-
tients with non-neurodegenerative PS (38 +£22 months,
13-96 months). The remaining 105 patients with non-
neurodegenerative PS had less than 12 months follow-up
and were included to achieve class balance.

FP-CIT SPECT had been performed according to common
guidelines [41] with a double-head SPECT system (Siemens
Symbia T2 or Siemens E.CAM). In order to ensure consistent
image reconstruction in all patients, projection data were re-
trieved from the archive and reconstructed retrospectively.
Two different reconstruction algorithms were used in each
patient. First, SPECT images were reconstructed by filtered
backprojection implemented in the SPECT system software
(Butterworth filter of 5th order with cut-off 0.6 cycles/pixel).
Uniform post-reconstruction attenuation correction was per-
formed according to Chang (p=0.12/cm), no scatter correc-
tion. Second, SPECT images were reconstructed using the
ordered-subsets-expectation-maximization algorithm with
resolution recovery implemented in the HybridRecon-
Neurology tool of the Hermes SMART workstation v1.6 with
parameter settings recommended for FP-CIT SPECT by
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Hermes (effective number of iterations 80, post-filtering with
3-dimensional Gaussian kernel of 7-mm full-width-at-half-
maximum, uniform attenuation correction with narrow-beam
attenuation coefficient 0.146/cm, simulation-based scatter cor-
rection, resolution recovery with a Gaussian model).
Representative images reconstructed with filtered
backprojection and iterative reconstruction are shown in
Fig. 2.

The FP-CIT SPECT data of the clinical sample are avail-
able from the corresponding author on request.

Semi-quantitative SBR analysis

Individual SPECTs were normalized (affine) to a custom-
made FP-CIT template (Fig. 3) in MNI space using SPM12
[42]. Voxel intensity was scaled voxel-wise to the 75th per-
centile of the voxel intensities in a reference region compris-
ing whole-brain except striata, thalamus, brain stem, and ven-
tricles [43, 44] (Fig. 3).

Anatomical ROIs for unilateral caudate and putamen
predefined in MNI space by the Automatic Anatomical
Labeling atlas (AAL) were applied to the voxel-wise scaled
image [45] (Fig. 3). The mean value of scaled voxel intensities
in the AAL ROIs was used to calculate the conventional SBR
(AAL-SBR = mean ROI value — 1).

In addition, hottest voxels (HV) analysis was performed,
separately for caudate and putamen using large unilateral
ROIs predefined in MNI space (Fig. 3). The union of caudate
and putamen ROI was used to compute the SBR of the entire
striatum. The ROIs for HV analysis was much bigger than the
actual striatal volume in order to guarantee that all striatal
counts were included. The number of hottest voxels to be
averaged was fixed to a total volume of 5, 10, and 15 ml for
unilateral caudate, putamen, and whole striatum, respectively
(HV-SBR).

Fig. 2 FP-CIT SPECT images of
a patient with non-
neurodegenerative PS (upper
row) and a patient with neurode-
generative PS (lower row) from

the clinical sample reconstructed non-
neurodegenerative

with filtered backprojection (left
column) or iterative reconstruc-
tion (right column). The upper
threshold of the color table
strongly differs between filtered
backprojection and iterative
reconstruction

neurodegenerative

filtered backprojection

In the PPMI sample, SBR values provided at the PPMI
homepage were used for comparison (PPMI-SBR,
StudyData/Imaging/DaTSCAN/DaTscan_Analysis.csv).

For each SBR measure (AAL, HV, and PPMI) and each
ROI, the minimum over both hemispheres was used in all
analyses.

The diagnostic power of a given SBR measure was
assessed as follows. First, the “optimal” cut-off was deter-
mined by the Youden criterion [46] applied to the receiver
operating characteristic curve of the SBR for differentiation
of PD versus HC (PPMI sample) or neurodegenerative PS
versus non-neurodegenerative PS (clinical sample) in the
training set (subsection “Performance testing in PPMI sam-
ple”). The cut-off determined in the training set was then ap-
plied for classification of the images in the test set. Overall
accuracy, sensitivity, and specificity in the test set were used as
performance measures.

CNN methods

We contrast the semi-quantitative SBR analysis with a deep
neural network-based approach [24]. For image analysis, a
variant of deep neural networks, the convolutional neural net-
works (CNN) have a reputation for solving cognitive tasks on
par with or even better than human observers. The fundamen-
tal working principle is that the task is solved end-to-end by
the CNN, which means that no human knowledge (like
activity ratios and their cut-off) are engineered into the pro-
cess, but the CNN itself learns the salient characteristics of the
data based on a sufficiently large number of examples (input)
and their class label (output). This is the reason why deep
neural network-based methods run under the term of “feature
learning” approaches, as opposed to “feature engineering”
approaches like semi-quantitative SBR analysis. In the past
several years, deep neural network-based methods have

iterative reconstruction

SBR = 4.0 SBR =5.7
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Fig. 3 Custom-made FP-CIT
template (left), anatomical cau-
date and putamen ROIs from the
Automatic Anatomic Labeling
atlas used for conventional SBR
analysis (middle), large ROIs of
caudate and putamen for hottest
voxels analysis (right), and refer-
ence region to estimate non-
displaceable FP-CIT binding
(right)

template

helped solving all kinds of medical problems and have exhib-
ited excellent performance in medical imaging tasks [25].

For the task of classifying FP-CIT images, we developed a
custom CNN architecture composed of 2D convolutional
layers, batch normalization layers for regularization, and
dense layers to convert the output of the convolutional layers
into the final classification output. The model was trained
against the categorical cross-entropy loss using the Adam op-
timizer with default parameters of the Keras implementation.
The detailed structure of CNN is given in Fig. 4. The total
number of CNN parameters was 2,872,642 (2,871,234 train-
able, 1408 non-trainable).

The CNN was trained (<500 iterations), validated, and
tested on 2-dimensional FP-CIT slabs through the striatum
(2 x2 x 12 mm”). Representative slabs are shown in Fig. 1.
The best performing model according to validation perfor-
mance during training was kept for testing.

Performance testing in PPMI sample

To avoid overfitting, the PPMI sample was randomly split into
training, validation, and test sample (60/20/20%). The PD
group was undersampled to achieve class balance (HC/PD):
training sample 125/125, validation sample 41/41, and test
sample 41/41. The same splits were used for original and

Fig. 4 Structure of the CNN used 64 filters

in the analyses presented here.
The total number of CNN
parameters was 2,872,642
(2,871,234 trainable, 1408 non-
trainable)

' 3x3 Conv2D
’ Batch Normalization

'] 2x2 Max Pooling
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anatomical hottest voxel

smoothed PPMI setting. They were also used for the mixed
PPMI set by randomly selecting either the original or the
smoothed image of a given subject in order to avoid bias by
including the smoothed image of a subject in the test set whose
unsmoothed image was in the training set (or vice versa).
The CNN was also tested in two cross-site settings. For
each split, the model trained in the original training sample
was evaluated in the smoothed test sample, and vice versa.
A total of 10 random splits was used. The same splits were
used for the SBR measures and the CNN. Performance mea-
sures (accuracy, sensitivity, and specificity) were averaged
over the 10 splits after removing outliers (values below first
quartile — 1.5 X interquartile range or above third quartile +
1.5 x interquartile range). Overall accuracy was compared be-
tween methods (PPMI-SBR, AAL-SBR, HV-SBR, CNN) and
settings (original, smoothed, mixed) using the signed-rank
Wilcoxon test. All tests were performed two-sided.

Application of models trained in the PPMI sample
to the clinical sample

The mean HV-SBR cut-offs obtained in the different PPMI
settings were applied to the clinical sample. The CNN was
trained and validated in an 85/15% random split of the mixed
PPMI sample (unbalanced with respect to class and including

128 filters

i

Flatten

1024 Dense

g

N

Dense Softmax Output
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both original and smoothed image of the same subject) and
then tested in the clinical sample.

Performance testing in the clinical sample

The clinical sample was randomly split into training, valida-
tion, and test sample (60/20/20%). The same splits were used
for filtered backprojection and iterative reconstruction. The
same splits were also used for the mixed setting by randomly
selecting either the filtered backprojected image or the itera-
tively reconstructed image. A total of 10 random splits was
used. The same splits were used for AAL-SBR, HV-SBR, and
the CNN.

Performance measures were averaged over the 10 random
splits after removing outliers as before. Overall accuracy was
compared between settings (filtered backprojection, iterative
reconstruction, mixed) using the signed-rank Wilcoxon test.
All tests were performed two-sided.

Results

Classification performance of the semi-quantitative SBR mea-
sures and the CNN in the original PPMI setting is summarized
in Table 1. None of the differences in overall classification
accuracy between PPMI-SBR, AAL-SBR, HV-SBR, and
CNN reached statistical significance. Caudate and whole stri-
atum SBR provided considerably worse performance com-
pared with the putamen SBR (supplementary Table 1) and,
therefore, are not discussed any further here.

Classification performance in pre-smoothed and mixed
PPMI setting is given in Table 2. The accuracy of the SBR
measures did not differ between the original and the smoothed
PPMI setting (AAL-SBR: p =0.500; HV-SBR: p=0.125).
However, the performance was worse in the mixed setting
for both SBR measures. The accuracy reduction of the
AAL-SBR in the mixed setting was statistically significant
compared with the original (p =0.004) and compared with
the smoothed setting (» =0.006). The reduction of HV-SBR
accuracy in the mixed setting was statistical significant com-
pared with the original setting (p =0.027). By contrast, the
accuracy of the CNN did not differ between the mixed

Table 1 Diagnostic performance of the different putaminal SBR
measures and the CNN in the original (unsmoothed) PPMI setting. For
each split of the PPMI data, SBR cut-offs and CNN parameters were

PPMI setting and any of the pure PPMI settings. CNN accu-
racy was even slightly larger in the mixed setting than in the
smoothed setting, but the difference did not reach statistical
significance (p = 0.188).

CNN performance in the cross-site PPMI settings was as
follows (trained in original and tested in pre-smoothed/trained
in pre-smoothed and tested in original): accuracy =0.629 =
0.069/0.945 +0.058, sensitivity = 1.000/0.978 £0.014, and
specificity =0.259 +£0.139/0.912 £ 0.121.

Classification performance of models trained in the PPMI
sample and then tested in the clinical sample is summarized in
Table 3. Cross-validated performance of HV-SBR with cut-off
optimized in the clinical sample is given as benchmark for
comparison.

Classification performance of the semi-quantitative SBR
measures and the CNN in the different settings of the clinical
sample is summarized in Table 4. The accuracy of the SBR
measures did not differ between filtered backprojection and
iterative reconstruction (AAL-SBR: p=0.125; HV-SBR: p =
0.563) but was lower in the mixed setting. The reduction of
AAL-SBR accuracy in the mixed setting was statistically sig-
nificant compared with the filtered backprojection setting (p =
0.004). It did not reach statistical significance compared with
the iterative reconstruction setting (p = 0.188). The reduction
of HV-SBR accuracy in the mixed clinical setting was statis-
tically significant compared with both pure settings (filtered
backprojection p =0.016, iterative reconstruction p = 0.043).
By contrast, CNN accuracy did not differ between the mixed
setting and any of the pure settings. There was even a tenden-
cy towards higher CNN accuracy in the mixed clinical setting
compared with the iterative reconstruction setting (p = 0.094).

Discussion

The major finding of this study is that a high-dimensional
CNN can be trained to deal with variable image characteristics
in FP-CIT SPECT considerably better than conventional SBR
analysis. This was first shown in the mixed PPMI setting
comprising original and heavily pre-smoothed SPECT im-
ages. Overall accuracy dropped for both SBR measures (from
0.957 +0.017 in the original PPMI setting to 0.900 + 0.029 in

optimized in the training sample, the performance measures were estimat-
ed by applying these models to the test sample. Given are mean =+ stan-
dard deviation over the random splits

Method PPMI-SBR AAL-SBR HV-SBR CNN

Cut-off 1.098 + 0.058 1.007 + 0.044 0.782 £+ 0.066

Accuracy 0.970 £0.017 0.957+£0.017 0.966 = 0.011 0.972+£0.014
Sensitivity 0.954 +0.027 0.927 +£0.033 0.946 £ 0.019 0.983 +£0.012
Specificity 0.985 +0.021 0.988 £0.017 0.985 +0.026 0.962 + 0.024
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pre-smoothed images. For each split of the PPMI data, SBR cut-offs and CNN parameters were

Diagnostic performance of conventional putamen SBR (AAL-SBR), hottest voxels

Table 2
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fixed in the training sample, the performance measures were estimated by applying these models to

the test sample. Given are mean =+ standard deviation over the random splits

putamen SBR (HV-SBR), and the convolutional neural network (CNN) in original (unsmoothed)

PPMI setting, 18-mm pre-smoothed PPMI setting, and mixed PPMI setting comprising original and

CNN

HV-SBR

AAL-SBR

Method

Mixed

Smoothed Mixed Original Smoothed Mixed Original Smoothed

Original

Sample

0.646 +0.032
0.951 £0.010
0.927 £0.016
0.976 £ 0.026

0.584 +0.027
0.957 £0.015
0.937 £ 0.029
0.978 £ 0.021

0.664 + 0.024 0.743 +0.044 0.782 £ 0.066
0.900 + 0.029
0.863 +0.058
0.937 £ 0.046

1.007 +0.044

Cut-off

0.967 £0.018
0.966 + 0.024
0.968 +0.033

0.955 +0.009
0.934 +£0.012

0.972 +£0.014
0.983 £0.012

0.966 +0.011"
0.946 + 0.019
0.985 + 0.026

0.952 +0.015™
0.924 + 0.027
0.980 + 0.015

0.957 £0.017"
0.927 + 0.033
0.988 + 0.017

Accuracy

Sensitivity
Specificity

0.976 + 0.024

0.962 + 0.024

Different compared with the accuracy of the same classification method in the mixed setting: two-sided Wilcoxon signed rank test p < 0.05

s

* Different compared with the accuracy of the same classification method in the mixed setting: two-sided Wilcoxon signed rank test p < 0.01

st

the mixed PPMI setting for the conventional putamen AAL-
SBR, from 0.966+0.011 to 0.951+0.010 for HV-SBR,
Table 2). By contrast, the CNN showed about the same accu-
racy in the mixed PPMI setting (0.967 + 0.018) as in both pure
settings (0.972+0.014 and 0.955+0.009, Table 2). These
findings were confirmed in the clinical data comprising
SPECT images reconstructed with two different reconstruc-
tion algorithms, filtered backprojection, and iterative
ordered-subsets-expectation-maximization with resolution re-
covery. CNN accuracy did not differ between the mixed clin-
ical setting and any of the pure clinical settings, whereas both
SBR measures performed worse in the mixed setting com-
pared with the pure clinical settings (Table 4).

The robustness of the CNN to variable image characteris-
tics was also demonstrated by applying models trained in the
mixed PPMI setting to the completely independent clinical
patient sample. The PPMI-trained HV-SBR did not show ac-
ceptable performance in the clinical sample whereas the
PPMI-trained CNN did (Table 3). The fact that the perfor-
mance of the PPMI-trained CNN in the clinical sample was
very similar for filtered backprojection and iterative recon-
struction of the clinical sample further supports the robustness
of the CNN with respect to variable image characteristics,
because the backprojected images (without scatter correction)
and the iteratively reconstructed images (with scatter correc-
tion and resolution recovery) were quite different not only
with respect to uniformity of FP-CIT concentration in
extrastriatal brain regions but also with respect to striatum-
to-background contrast (Fig. 2). The latter resulted in a con-
siderably higher cut-off for optimal differentiation between
neurodegenerative and non-neurodegenerative PS in the clin-
ical sample by HV-SBR in case of iterative reconstruction
compared with filtered backprojection (1.232 +0.088 versus
0.882+0.012, Table 3).

The good CNN performance in the mixed settings (PPMI
and clinical) and of the PPMI-trained CNN in the clinical
settings most likely is associated with the use of convolutional
layers, at least to some extent. One or several of the
convolutional layers may have learned to factor out non-
diagnostic image characteristics, like resolution-related
smoothing effects, thereby allowing later layers in the network
feature extraction from the same image baseline for all images
in the training set. This property of CNNs to separate so-called
latent nuisance parameters from the confounding factors of the
learning objective is well known, and as of late has been
theoretically linked to Bayesian networks [47]. Thus, CNN
can be assumed to be particularly appropriate to deal with
site- and camera-specific variability of spatial resolution in
FP-CIT SPECT, as soon as they exhibit sufficient depth and
a sufficient number of parameters represented in filter kernel
weights.

A custom CNN architecture was used in the present study
(Fig. 4). Transfer learning from an Inception V3 network [48]



Eur J Nucl Med Mol Imaging (2019) 46:2800-2811

2807

Table 3  Diagnostic performance of the hottest voxels putamen SBR
(HV-SBR) with cut-offs optimized in different PPMI training samples
(Table 2) and of the CNN trained in the mixed PPMI sample when applied
to the clinical sample with filtered backprojection (FBP, A) or iterative

reconstruction with resolution recovery (IR, B). Cross-validated perfor-
mance of the putamen HV-SBR using a cut-off optimized in the clinical
sample is given as benchmark (Table 4)

Method HV-SBR HV-SBR HV-SBR HV-SBR CNN
Training sample Clinical (FBP) Original PPMI Smoothed PPMI Mixed PPMI Mixed PPMI
A Cut-off 0.882+0.012 0.782 0.584 0.646
Accuracy 0.980+0.015 0.950 0.815 0.866 0.976
Sensitivity 0.963 £0.025 0.906 0.631 0.732 0.959
Specificity 0.997+0.011 0.993 1.000 1.000 0.993
B Cut-off 1.232 £0.088 0.782 0.584 0.646
Accuracy 0.982 +£0.017 0.862 0.695 0.752 0.970
Sensitivity 0.967 £ 0.031 0.725 0.389 0.503 0.939
Specificity 0.997 £0.011 1.000 1.000 1.000 1.000

pre-trained on ImageNet [49] was also explored
(Supplementary “Transfer learning from an Inception V3 net-
work for classification of FP-CIT SPECT”). The validation
loss systematically increased when training loss converged,
strongly indicating overfitting on the training data. This lets
us hypothesize that the features learned by InceptionV3 on
natural images are not optimal for classification of FP-CIT
images of much lower resolution and size, and that the number
of features Inception V3 generates is too high compared to the
number of training cases used for training or finetuning of the
network. In order to support further testing of transfer learning
from an Inception V3 network, we share our program code
and the data via GitHub (https://github.com/mtwenzel/
parkinson-classification). The code is provided in the free
Colaboratory Jypyter notebook environment to allow
running and modifying the code online (https://colab.
research.google.com/github/mtwenzel/parkinson-
classification/blob/master/PPMI-Inception V3.ipynb).

It should be mentioned that conventional machine learning
methods (e.g., logistic regression or support vector machines)
may be able to perform on an equal level as CNN, assuming a
controllable and a priori known degree of variation in image
characteristics, and assuming a profound human-engineered
set of image features. However, the point in using a feature
learning approach instead of a feature engineering approach
was to open a path towards automatic extraction of the impor-
tant features not only across pathological variability but also
across scanners and reconstruction algorithms.

CNN performance in the pure settings was slightly better
compared to the SBR measures in the PPMI data (Table 2) and
slightly worse in the clinical data (Table 4). This might be
explained by the smaller size of the clinical sample compared
with the PPMI sample.

A secondary finding of this study was that the performance
of the CNN trained in the smoothed PPMI setting showed
acceptable performance in the original PPMI setting

(accuracy = 0.945 + 0.058) whereas the CNN trained in the
original PPMI data performed badly in the smoothed PPMI
setting (accuracy = 0.629 +0.069). This suggests that a CNN
trained in FP-CIT images with a low spatial resolution is use-
ful also for classification of SPECT images with higher spatial
resolution, but not vice versa. This is a partial improvement
from SBR measures which performed badly in both PPMI
cross-site settings (results not shown).

Only a few previous studies tested deep learning for clas-
sification of FP-CIT SPECT [50-52]. Choi and co-workers
developed a deep learning-based system for classification of
3-dimensional FP-CIT SPECT images, called “PD Net” [50].
Cross-validated accuracy of PD Net in PPMI data was 0.960,
in good agreement with the present results (Table 1). Good
performance of PD Net was confirmed in an independent clin-
ical dataset acquired at the authors’ site. The study did not
assess the impact of spatial resolution on CNN performance.
Kim and co-workers provided proof of concept for the use of
transfer learning, i.e., limited retraining of CNNs pre-trained
on nonmedical images for classification of FP-CIT SPECT
[51].

The problem of variable image characteristics depending
on acquisition hardware and/or reconstruction software used
for image generation is not specific to FP-CIT SPECT but
affects many types of medical images. For example, MRI-
derived brain volumetric measures are promising markers to
support the diagnosis of various neurological and psychiatric
diseases [53]. However, MRI-derived brain volumetric mea-
sures are affected by scanner-related factors, including scanner
field strength, manufacturer, and details of the acquisition se-
quence. For example, cross-field strength (1.5 T versus 3 T)
intra-subject variability of MRI-derived global cortical thick-
ness is about 6 times larger than within-scanner variability
when the subject is scanned twice on the same scanner [54].
This limits the use of MRI-derived brain volumetric measures
in clinical routine, very similar to conventional semi-

@ Springer


https://github.com/mtwenzel/parkinson-classification
https://github.com/mtwenzel/parkinson-classification
https://colab.research.google.com/github/mtwenzel/parkinson-classification/blob/master/PPMI-InceptionV3.ipynb
https://colab.research.google.com/github/mtwenzel/parkinson-classification/blob/master/PPMI-InceptionV3.ipynb
https://colab.research.google.com/github/mtwenzel/parkinson-classification/blob/master/PPMI-InceptionV3.ipynb

2808

Eur J Nucl Med Mol Imaging (2019) 46:2800-2811

the SBR cut-offs and CNN parameters were optimized in the training (and validation) sample, the

Table 4 Diagnostic performance of the conventional putamen SBR (AAL-SBR), the hottest

voxels putamen SBR (HV-SBR), and the convolutional neural network (CNN) in the clinical

@ Springer

performance measures were estimated by applying these models to the test sample. Given are mean

+ standard deviation over the random splits

sample with filtered backprojection, iterative reconstruction, or mixed reconstruction (filtered

backprojection or iterative reconstruction selected randomly). For each split of the clinical data,

CNN

HV-SBR

AAL-SBR

Method

Mixed

Iterative

Filtered backprojection

Iterative Mixed

Filtered backprojection

Mixed

Iterative

Filtered backprojection

Reconstruction

1.009 +0.059
0.960 + 0.020
0.927 £0.038
0.993 £0.014

1.232 £ 0.088

0.882 +£0.012

1.361 £0.041
0.950 £ 0.016
0.923 £ 0.039
0.977 £ 0.027

1.594 +0.082
0.967 +0.025
0.947 £ 0.042
0.987 £ 0.028

1.191 £ 0.030

Cut-off

0.977 £0.016
0.960 + 0.026
0.993 £0.014

0.960 +0.027
0.940 + 0.049
0.980 +0.032

0.960 £ 0.015
0.946 £ 0.053
0.975 £ 0.030

0.982 +0.017"
0.967 + 0.031
0.997 +0.011

0.980 + 0.015"
0.963 + 0.025
0.997 + 0.011

0.983 £0.018"
0.977 £0.027
0.990 £ 0.016

Accuracy

Sensitivity
Specificity

Different compared to the accuracy of the same classification method in the mixed setting: two-sided Wilcoxon signed rank test p < 0.05

~ Different compared to the accuracy of the same classification method in the mixed setting: two-sided Wilcoxon signed rank test p < 0.01

quantitative measures derived from FP-CIT SPECT. Several
groups have shown that deep neural networks are very prom-
ising to address this problem (“domain adaption”) in brain
MRI [55-58].

Limitations of the present study include the following.
First, the study did not address all aspects of image character-
istics but focused on spatial resolution (e.g., the impact of
different attenuation correction methods was not assessed).
However, spatial resolution is the major factor contributing
to site- and camera-specific variability of image characteristics
in nuclear medicine brain imaging [59], suggesting that the
mixed PPMI setting including original (unsmoothed) images
and heavily smoothed is not too unrealistic. This was support-
ed by the good performance of the CNN trained in the mixed
PPMI setting in the different settings of the clinical patient
sample. We consider these findings as proof of concept that
CNNs can be trained to be robust with respect to site-, cam-
era-, and scan-specific variability of image characteristics in
FP-CIT SPECT. This was confirmed in a fully independent
patient sample from clinical routine patient care. We do not
expect the CNN trained in the mixed PPMI sample to be ready
for use in a large variety of different settings. Second, our
CNN used 2-dimensional slab views to reduce computation
time for training whereas SBR analysis used the 3-
dimensional SPECT images. CNN performance might further
improve when using 3-dimensional images. Third, the CNN
provided a score ranging between 0 and 1 for each SPECT
image to belong to a given class. For the analyses presented
here, categorization was based on a cut-off of 0.5. The actual
value of the score was not taken into account, although it
might be useful information whether the actual value is 0.60
or 0.99. Furthermore, CNN performance might be optimized
for a given task by selecting a task-specific cut-off for classi-
fication. For example, fully automatic CNN-based classifica-
tion may serve as primary (rather than second or third) reader
to identify clearly normal FP-CIT SPECT images that require
no further interpretation. This could reduce the workload of
the clinician. Highest possible sensitivity even at the cost of
reduced specificity is required for this task.

In conclusion, this study provides proof of concept that a
high-dimensional CNN can be trained to be robust with re-
spect to variable site-, camera-, or scan-specific image charac-
teristics in FP-CIT SPECT without a large loss of diagnostic
accuracy compared to mono-site/mono-camera settings, in
contrast to the conventional SBR. Based on this, we hypoth-
esize that a single CNN can be used to support the interpreta-
tion of FP-CIT SPECT at many different sites using different
acquisition hardware and/or reconstruction software with only
minor harmonization of acquisition and reconstruction proto-
cols. We propose a common effort of the nuclear medicine
community to retrospectively collect FP-CIT SPECT data
covering a wide range of acquisition and reconstruction pro-
tocols to test this hypothesis.
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Supplementary: transfer learning from an
inception V3 network for classification
of FP-CIT SPECT

We also explored transfer learning from an Inception V3 net-
work [48] pre-trained on ImageNet [49] for classification of
FP-CIT SPECT images. A number of best practice settings
with and without data augmentation were used. We tested
several numbers of added dense layers after the pre-trained
inception blocks, settling with a number that yields a number
of trainable parameters slightly lower than the number of free
parameters in our proposed CNN architecture (about 2—4 Mio.
depending on the actual experiment). The rationale was that
most of the free parameters in our proposed CNN will be
tuned for feature extraction rather than classification from
the features; hence, a low number of trainable parameters in
the added dense layers after the inception blocks will prevent
overfitting. Further, we explored two ways of training: either
only training the added dense layers, or first training the dense
layers with a higher learning rate, then training further the last
one or two inception blocks plus the dense layers with a
lowered training rate. In all experiments, the validation loss
systematically increased when training loss converged,
strongly indicating overfitting on the training data. This lets
us hypothesize that the features learned by InceptionV3 on
natural images are not optimal for classification of FP-CIT
images of much lower resolution and size, and that the number
of features Inception V3 generates is too high compared to the
number of training cases used for training or fine tuning of the
network. This is in line with the fact that transfer learning from
real-world color images to medical grayscale images today is
widely considered sub-optimal.

Kim and co-workers also explored transfer learning of an
Inception V3 network for automatic classification of FP-CIT
SPECT [51]. The overall accuracy they achieved was 0.844
(computed from Table 1 in [51]). This accuracy is not very
high, given the fact that the standard of truth for the data used
in this study was a visual interpretation of the FP-CIT SPECT
images (rather than clinical diagnosis) and that visually incon-
clusive SPECT images were excluded. It suggests that the
transfer learning of an InceptionV3 network for classification
of FP-CIT SPECT performed in this study also did not result
in a network that provides acceptable performance to be used
in clinical patient care.

In summary, we believe that the potential of transfer learn-
ing of powerful large networks pre-trained for classification of
color photos compared to full training of smaller networks (as
in the present study) is still an open question in FP-CIT
SPECT that requires further investigation. In order to support
this, we share the code and the data of our Inception V3 trans-
fer learning tests via GitHub (https://github.com/mtwenzel/
parkinson-classification). The code is provided in the free
Colaboratory Jupyter notebook environment to allow

running and modifying the code online (https://colab.
research.google.com/github/mtwenzel/parkinson-
classification/blob/master/PPMI-InceptionV3.ipynb).
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