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Concurrent acquisition of morphologic and functional 
imaging information for the diagnosis of neurologic 

disorders has fueled interest in simultaneous PET and 
MRI (PET/MRI) (1). PET/MRI allows spatial and tem-
poral registration of the two imaging data sets; therefore, 
the information derived from one modality can be used to 
improve the other (2,3). For dementia evaluation, PET/
MRI enables a single combined imaging examination (4). 
Amyloid PET has become useful as an adjunct to the di-
agnosis of Alzheimer disease—amyloid plaque accumula-
tion is a hallmark pathologic finding of Alzheimer disease 
and can precede the onset of frank dementia by 10 to 20 
years (5)—as well as for screening younger populations 
at high risk of Alzheimer disease in clinical trials of Al-
zheimer disease pharmaceuticals (6,7).

PET image quality depends on collecting a sufficient 
number of coincidence events from annihilation photon 
pairs. However, the injection of radiotracers will subject pa-
tients who are scanned to radiation dose; motion during the 
prolonged data acquisition period results in a misplacement 
of the events in space, leading to inaccuracies in PET radio-
tracer uptake quantification (8,9). Thus, reducing collected 
PET counts either through radiotracer dose reduction (the 
focus of this work) or shortening scan time (ie, limiting the 
time for possible motion) while maintaining image quality 
would be valuable for increased use of PET/MRI.

Convolutional neural networks (CNNs) have the abil-
ity to learn translation-invariant representations of objects 
(10). This has led to remarkable performance increases 
for image identification (11) and generation (12–14). 
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Purpose:  To reduce radiotracer requirements for amyloid PET/MRI without sacrificing diagnostic quality by using deep learning 
methods.

Materials and Methods:  Forty data sets from 39 patients (mean age 6 standard deviation [SD], 67 years 6 8), including 16 male 
patients and 23 female patients (mean age, 66 years 6 6 and 68 years 6 9, respectively), who underwent simultaneous amyloid 
(fluorine 18 [18F]–florbetaben) PET/MRI examinations were acquired from March 2016 through October 2017 and retrospec-
tively analyzed. One hundredth of the raw list-mode PET data were randomly chosen to simulate a low-dose (1%) acquisition. 
Convolutional neural networks were implemented with low-dose PET and multiple MR images (PET-plus-MR model) or with 
low-dose PET alone (PET-only) as inputs to predict full-dose PET images. Quality of the synthesized images was evaluated while 
Bland-Altman plots assessed the agreement of regional standard uptake value ratios (SUVRs) between image types. Two readers 
scored image quality on a five-point scale (5 = excellent) and determined amyloid status (positive or negative). Statistical analyses 
were carried out to assess the difference of image quality metrics and reader agreement and to determine confidence intervals (CIs) 
for reading results.

Results:  The synthesized images (especially from the PET-plus-MR model) showed marked improvement on all quality metrics 
compared with the low-dose image. All PET-plus-MR images scored 3 or higher, with proportions of images rated greater than 3 
similar to those for the full-dose images (210% difference [eight of 80 readings], 95% CI: 215%, 25%). Accuracy for amyloid 
status was high (71 of 80 readings [89%]) and similar to intrareader reproducibility of full-dose images (73 of 80 [91%]). The PET-
plus-MR model also had the smallest mean and variance for SUVR difference to full-dose images.

Conclusion:  Simultaneously acquired MRI and ultra–low-dose PET data can be used to synthesize full-dose–like amyloid PET images.
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ing physician. The control patients were scanned for cohort 
study purposes. Patients between the ages of 21 and 90 years 
were included; pregnant women and those for whom PET/
MRI could not be performed were excluded. MRI and PET 
data were simultaneously acquired on an integrated PET/
MRI scanner with time-of-flight capabilities (SIGNA PET/
MR, GE Healthcare). T1-weighted, T2-weighted, and T2 
fluid-attenuated inversion recovery morphologic MR im-
ages were acquired, with the parameters listed in Appendix 
E1 (online).

Each patient was administered an intravenous injection  
of 330 MBq 6 30 of the amyloid radiotracer 18F-florbetaben 
(Piramal Imaging) and PET data were acquired 90–110 min-
utes after injection. The list-mode PET data were reconstructed 
for the full-dose ground truth image as well as a random subset 
containing 1/100th of the events (also taking the different ran-
doms rate into account) to produce a low-dose PET image (18). 
Time-of-flight ordered-subsets expectation-maximization (two 
iterations and 28 subsets, accounting for randoms, scatter, dead-
time, and attenuation) and a 4-mm full-width at half-maximum 
postreconstruction Gaussian filter was used for all PET images. 
MR-based attenuation correction was performed using the ven-
dor’s atlas-based method (19) (K.C. with 6, F.M. with 5, and 
M.K. with 20 years of experience in image acquisition, recon-
struction, and processing).

Image Preprocessing
To account for any positional offset of the patient during dif-
ferent acquisitions, MR images were coregistered to the PET 
images by using the software FSL (FMRIB, Oxford, UK) (20), 
with 6 degrees of freedom and correlation ratio as the cost func-
tion. All images were resectioned to the dimensions of the ac-
quired PET volumes: 89 2.78-mm–thick sections with 256 3 
256, 1.17 3 1.17 mm2 pixels. A head mask was made from the 
T1-weighted image through intensity thresholding and hole fill-
ing and applied to the PET and MR images. The voxel intensi-
ties of each volume were normalized by its Frobenius norm and 
used as inputs to the CNN (K.C.).

Abbreviations
CI = confidence interval, CNN = convolutional neural network,  
SUVR = standard uptake value ratio

Summary
Diagnostic quality amyloid (fluorine 18 [18F]–florbetaben) PET 
images can be generated using deep learning methods from data ac-
quired with a markedly reduced radiotracer dose.

Implications for Patient Care
nn The ability to generate diagnostic-quality images from 100-fold 

fewer counts can lead to reduced radiotracer dose and/or scan du-
ration for amyloid PET/MRI examinations.

nn Deep learning with radiotracer dose reduction may lead to in-
creased usage of hybrid amyloid PET/MRI for clinical diagnostic 
decision making and for longitudinal studies.

CNNs that incorporate spatially correlated multimodal MRI 
and PET information to produce standard-quality PET im-
ages from “low-quality (short-time)” PET acquisitions have been 
implemented (15). The potential to reduce radiotracer dose by 
at least 100-fold using a deep CNN for fluorine 18 (18F) fluo-
rodeoxyglucose studies in patients with glioblastoma has been  
demonstrated (16). Such methods should be transferable to 
PET scans using other radiotracers, such as the amyloid tracer 
18F-florbetaben, relevant to Alzheimer disease populations (6,17).

In this study, we aimed to train CNNs to synthesize 
diagnostic-quality images using a noisy image (eg, one that is 
reconstructed from simulated markedly reduced radiotracer 
dose compared with conventional PET/MRI reconstruction). 
This ultra–low-dose imaging, at levels close to those of trans-
continental flights, can potentially increase the utilization of 
amyloid tracers and PET/MRI in general.

Materials and Methods
This retrospective analysis was approved by the local institu-
tional review board. Written informed consent for PET/MRI 
imaging was obtained from all study patients or an authorized 
surrogate decision-maker. A Health Insurance Portability and 
Accountability Act waiver for authorization of recruitment 
was obtained for this study. Piramal Imaging (Berlin, Ger-
many) provided support for the radiotracer and GE Healthcare 
(Waukesha, Wis) provided research funding support. M.K. is 
an employee for GE Healthcare (Waukesha, Wis) and the other 
authors had control of inclusion of any data and information 
that might present a conflict of interest.

PET/MRI Data Acquisition
Retrospective analysis was performed from March 2016 
through October 2017 on a convenience sample of 40 sepa-
rate data sets from 39 patients (mean age 6 standard devia-
tion [SD], 67 years 6 8), including 16 male patients and 
23 female patients (mean age, 66 years 6 6 and 68 years 
6 9, respectively; one female patient was scanned twice,  
9 months apart), belonging to two different prospective re-
search cohorts (research questions for each of these cohorts is 
not related to this study); their diagnoses are given in Table 1.  
Within the cohorts, the patients were referred by a treat-

Table 1: Clinical Diagnoses of Patients in Study Cohorts 1  
and 2

Diagnosis
No. of 
Patients*

Mean  
Age (y)†

Cohort 1 16 (9) 64 (45–77)
  Alzheimer disease 8 (6) 63 (45–74)
  Mild cognitive impairment 3 (1) 62 (59–63)
  Dementia with Lewy bodies 1 (0) 60
  Parkinsonism with language decline 1 (0) 59
  Healthy control 3 (2) 75 (73–77)
Cohort 2 23 (14) 69 (55–86)
  Parkinson disease 15 (7) 70 (61–86)
  Healthy control 8 (7) 68 (55–76)
Total 39 (23) 67 (45–86)
* Data in parentheses are number of female patients.
† Data in parentheses are age ranges.
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as the loss function, and adap-
tive moment estimation as the 
optimization method (22). The 
output is then added to the in-
put low-dose image to obtain 
the synthesized PET image. 
Fivefold cross-validation was 
used (ie, 32 data sets for train-
ing, eight for testing, per net-
work trained).

Assessment of Image 
Quality
The reconstructed images were 
first visually inspected for arti-
facts. For each data set, a Free-
Surfer-based (23,24) (Martinos 

Center, MGH, Charlestown, Mass) brain mask derived from 
the T1-weighted images was used for voxel-based analyses. For 
each axial section, the image quality of the synthesized PET 
images and the original low-dose PET images within the brain 
mask were compared with the full-dose image using the peak 
signal-to-noise ratio, structural similarity (25), and root mean 
square error. The respective metrics for each section were then 
averaged (K.C., E.G.).

Clinical Readings
The synthesized PET images, the low-dose PET image, and 
the full-dose PET image of each data set were anonymized, 
their series numbers were randomized, then presented by series 
number to two physicians (S.S., G.Z., one a board-certified 
nuclear medicine physician and the other a board-certified 
neuroradiologist [both have 12 years of experience postfellow-
ship], both of whom had been certified to read amyloid PET 
imaging) for independent reading. The amyloid uptake status 
(positive, negative, uninterpretable) of each image was deter-
mined. The amyloid status read from the full-dose images was 
treated as the ground truth.

CNN Implementation
Authors (K.C. with 6 years, E.G. with 6 years, and J.X. with 
2 years of experience in image acquisition, reconstruction, 
and processing) trained an encoder-decoder CNN with the 
structure (U-Net) shown in Figure 1 (12,21). The inputs of 
the network are the multicontrast MR images (T1-, T2-, and 
T2 fluid-attenuated inversion recovery–weighted) and the 
low-dose PET image. The full-dose PET image was treated 
as the ground truth and the network (PET-plus-MR model) 
was trained through residual learning (12) (Fig 2). A PET-only 
model (trained only with the low-dose PET images as input [ie, 
without the MR images]) was also trained.

Briefly, the encoder portion is composed of layers that per-
form two-dimensional convolutions (using 3 3 3 filters) on 
input 256 3 256 transverse sections, batch normalization, and 
rectified linear unit activation operations. Two-by-two max 
pooling is used to reduce the dimensionality of the data. In the 
decoder portion, the data in the encoder layers are concatenated 
with those in the decoder layers. Linear interpolation is per-
formed to restore the data to its original dimensions. The net-
work was trained with an initial learning rate of 0.0002 and a 
batch size of four over 100 epochs. The L1 norm was selected 

Figure 1:  A schematic of the encoder-decoder convolutional neural network used in this work. The arrows denote computational 
operations and the tensors are denoted by boxes with the number of channels indicated above each box. Conv = convolution, BN = 
batch normalization, ReLU = rectified linear unit activation.

Figure 2:  The input and output channels of the convolutional neural network. For the PET+MR model, 
the low-dose PET and the three MRI contrasts are used as inputs and trained on the full-dose PET image 
as the ground truth to synthesize an image resembling the full-dose PET image. For the PET-only model, 
only the low-dose PET image is used as input.
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Figure 3:  Image quality metrics compare images from low-dose PET, the PET-only model, and the PET+MR model. For the 
three metrics, comparison is to the ground truth full-dose PET images. All pair-wise t tests had P values less than .001. The im-
age generated from the PET+MR model is superior for all three metrics: higher peak signal-to-noise ratio (PSNR), higher struc-
tural similarity (SSIM), and lower root mean square error (RMSE ).

For each PET image, the physicians assigned an image qual-
ity score on a five-point scale: 1, uninterpretable; 2, poor; 3, ad-
equate; 4, good; and 5, excellent.

To ensure that agreements between and within raters were 
acceptably high and to compare with the readings of the syn-
thesized full-dose images, the full-dose PET image was clinically 
read by the same physicians a second time for the amyloid up-
take status in a separate reading session (3 months apart), and 
agreement analyses were performed.

Region-based Analyses
Region-based analyses were carried out to assess the agreement 
of the tracer uptake between images. Cortical parcellations and 
cerebral segmentations based on the Desikan-Killiany Atlas 
(26) were derived from FreeSurfer, yielding a maximum of 111 
regions per data set. A total of 4396 records were included in 
the analysis. The PET (ground truth, low-dose, and synthe-
sized) images were normalized by the cerebellar cortex to derive 
standard uptake value ratios (SUVRs). The mean SUVR was 
calculated in all records. The SUVRs were compared between 
methods (ground truth to low-dose, ground truth to PET-plus-
MR model, ground truth to PET-only model) and evaluated 
by Bland-Altman plots and intraclass correlation from the 
mixed-effect model (taking into account multiple regions per 
scan and controlled for age and gender). The results are sum-
marized at the diagnosis level to reflect the group variations 
and clinical significance (K.C.).

Statistical Analysis and Software
Pairwise t tests were conducted to compare the values of the im-
age quality metrics across the different image processing meth-
ods. The accuracy, sensitivity, and specificity were calculated 
for the readings of the low-dose, PET-plus-MR synthesized 
PET images, and the PET-only synthesized images. Symme-
try tests were also carried out to examine whether the readings 
produced an equal number of false-positive and false-negative 
findings. The agreement of the two readers was assessed using 
Kendall tau-b, Krippendorff alpha, and symmetry tests. Aver-

age image scores for each method are presented. Also, image 
quality scores were dichotomized into 1–3 versus 4–5, with 
the percentage of images with high scores calculated for each 
method; the logistic regression model with clustering on rater 
was used to obtain the predicted percentage of high ratings for 
each method and the difference between methods. The 95% 
confidence interval (CI) for the difference in the proportions 
of high scores was constructed and compared with a prede-
termined noninferiority benchmark of 15%. Tests were con-
ducted at the P = .05 level (Bonferroni correction to account 
for multiple comparisons when necessary). Software informa-
tion is provided in Appendix E1 (online).

Results

Assessment of Image Quality
Qualitatively, the synthesized images show marked improvement 
in image quality compared with the low-dose images and visu-
ally resemble the ground truth image. The images synthesized 
from the PET-plus-MR model had the highest peak signal-to-
noise ratio in 39 of 40 as well as the highest structural similarity 
and lowest root mean square error in all data sets (Fig 3). The 
low-dose images performed worst using all metrics. All pair-wise 
t tests (accounting for three comparisons) had P values less than 
.001. The model trained with multichannel MRI was better able 
to reflect the underlying anatomy in amyloid uptake (Fig 4; 
Figures E1 and E2 [online]). Occasional “blotches” of high-up-
take patches 2–3 mm in diameter were occasionally observed in 
both types of synthesized images (Figure E3 [online]).

Clinical Readings
Kendall tau-b, Krippendorff alpha, and symmetry tests were 
used to evaluate between and within raters’ agreements. Inter- and 
intrareader agreement on amyloid uptake status and image 
quality scores were high (P value for Kendall tau-b in all com-
parisons was , .001 and the Krippendorff alpha for all com-
parisons was . .7), and there was no difference in the scores 
from each reader (P value of the interreader symmetry tests 
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Figure 4:  Amyloid-positive PET image in a 58-year-old male patient with Alzheimer disease, with the T1-weighted MR im-
age (left) shown as reference. The region within the red box in the images in the top row is enlarged and shown in the bottom 
row. The synthesized PET images show significantly reduced noise compared with the low-dose PET images, while the images 
generated from the PET+MR model were superior in reflecting the underlying anatomic patterns of the amyloid tracer uptake 
compared with the images generated from the PET-only model.

for the amyloid status at the two 
time points were .77 and 1, re-
spectively; for the symmetry test 
on the interreader image quality 
score, P = .49) (Tables E1–E3 
[online]). Twenty-three of 80 
(29%) total reads of the full-dose 
ground truth amyloid images 
were amyloid positive.

PET images created from 1% 
dose were inadequate, with a ma-
jority of them uninterpretable 
(56 of 80 [70%] of readings; 
95% CI: 59%, 80%). When comparing the accuracy, sensi-
tivity, and specificity of the clinical assessments between the 
synthesized images and the full-dose images, the PET-plus-MR 
model produced higher values than the PET-only model (Table 
2). The accuracy of the PET-plus-MR model readings was high 
(71 of 80 [89%]; 95% CI: 80%, 95%). For comparison, the 
intrareader reproducibility on full-dose images was similar (73 
of 80 [91%]; 95% CI: 83%, 96%). For the symmetry tests, 
the PET-plus-MR and PET-only models had a value of P = .04 
and P = .06, respectively. The confusion matrices are provided 
in Figure 5.

The image quality scores assigned by each reader to each of 
the reconstructed PET volumes are shown in Figure 6, along with 
mean scores for each group. All PET-plus-MR model images were 
scored as adequate (score = 3) or better. Also, the original full-dose 
images and the PET-plus-MR images generated from 1% dose had 
comparable proportions of images that scored 4 (good) or higher 
(difference in proportions of high score images between PET-
plus-MR model and full-dose, 210%; 95% CI: 215%, 25%; 
within the noninferiority benchmark). The PET-only model had 
fewer images with good or better quality (difference in proportion, 
265%; 95% CI: 285%, 245%]) (Tables E4, E5 [online]).

Region-based Analyses
The Bland-Altman plots show the lowest bias, 0.04, and 
smallest variance (95% CI: 20.26, 0.33) for the PET-plus-
MR model images compared with the reference standard full-
dose images. The low-dose images had the largest bias and 
variance compared with the full-dose images (Fig 7). Across 
diagnosis groups, both deep learning methods produced 
higher intraclass correlation compared with the low-dose im-
ages (Table E6 [online]). For the regional SUVR differences, 
both deep learning methods have smaller bias compared with 
the low-dose images, while the standard deviation of the dif-
ferences was smallest for the PET-plus-MR method (Table E7 
[online]). Results based on diagnosis groups are provided in 
Appendix E1 and Figures E4–E6 (online).

Discussion
We aimed to generate diagnostic-quality amyloid PET im-
ages from low-dose PET images and simultaneously ac-
quired multimodal MRI sequences, used as inputs in a 
deep CNN framework. In contrast to previous studies (15), 
we reconstructed low-count PET images from 1/100th of 
the list-mode raw data to simulate reduced dose. We have 

Table 2: Accuracy, Sensitivity, and Specificity of Uptake Status (Determining Amyloid 
Positive/Negative) Readings between Synthesized Images and Full-Dose Images

Metric

PET+MR Model PET-Only Model

No. of Images* 95% CI (%) No. of Images* 95% CI (%)
Accuracy (n = 80) 71 (89) 80, 95 66 (83) 72, 90
Sensitivity (n = 23) 22 (96) 78, 99.9 20 (87) 66, 97
Specificity (n = 57) 49 (86) 74, 94 46 (81) 68, 90

Note.—CI = confidence interval.
* Data in parentheses are percentages.
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was that the low-dose images were relatively easy to identify. 
Also, we occasionally observed blotches of high-intensity val-
ues, about 2–3 mm in diameter, possibly due to overfitting 
from noise that manifested as high-activity spots in the neck 
region. While these artifacts are not likely to interfere with the 
clinical interpretation of the image, a mask which excludes the 
lower sections could mitigate this in the future (further charac-
terization in Appendix E1 [online]). The optimal selection of 
model hyperparameters and number of MRI contrasts is also a 
potential area of future work. Motion of the patient during the 
scan, especially from dementia patients who are more prone to 
exhibit motion (28), will affect the image quality of the PET 
images (blurring) used as the ground truth, the MR channels 
used as inputs to the network, and the clinical readings. This 
could be assessed with an external motion tracking system for 
motion correction (29).

Also, with simultaneously acquired PET and MRI data, the 
clinical image readings, read with image fusion (ie, the amyloid 
images overlaid upon the T1-weighted images), might have an 
effect on reader accuracy and agreement, which we would expect 
to be different if readers relied on the PET images only or if the 
PET data were acquired on other scanners. The patient popu-
lation, while adequate to demonstrate the performance of the 
models, is relatively small. Larger cohorts scanned on a diverse 
range of scanners will be an area of future study. Also, while the 
1% subset of PET data represent only an approximation of the 
image quality that would be obtained with a true 1% dose, we 
believe it is a conservative estimation, as with dose reduction, 
true coincidences decrease linearly while random coincidences 
decrease as the square of the reduction; future studies examining 
true ultra–low-dose acquisition are planned. Lastly, we acknowl-
edge that a similar study could be performed with the PET and 
MRI information acquired separately, though this does not di-
minish the impact of our study’s findings.

We have shown that high-quality amyloid PET images 
can be generated using deep learning methods starting from 

Figure 5:  Confusion matrices for amyloid status read-
ings between full-dose and PET+MR model images and 
between full-dose and PET-only model images.

Figure 6:  Clinical image quality scores (1 = uninterpretable/low,  
5 = excellent/high; mean scores and standard deviation of all read-
ings presented at top of each bar) as independently assigned by the 
two readers.

shown that the synthesized images generated from a model 
incorporating both PET and MR inputs had a greater 
mean image quality score and smaller regional SUVR bias 
and variance compared with the low-dose images as well 
as images synthesized from a model with PET-only inputs. 
This highlights the value of incorporating morphologic  
MR information into the model; for the PET-only model, the 
CNN performs a de-noising task, resulting in images that ap-
pear blurred and in a more challenging clinical interpretation. 
Since tracer uptake in the cortical gray matter is an important 
factor in determining the amyloid status clinically (27), the 
images generated with the PET-only model were given lower 
image quality scores by the readers.

The synthesized images also demonstrated diagnostic 
value with high accuracy, sensitivity, and specificity for the 
amyloid status readings, though the synthesized images had 
a borderline significantly higher false-positive rate, possibly 
due to the smoothing effect of the CNN that causes activ-
ity from adjacent white matter to bleed into the cortical re-
gions. While the reader reproducibility for interpreting full-
dose images is different from the reader accuracy for reading 
amyloid status from different image types, we nevertheless 
included these reproducibility values as a reference to show 
typical human accuracy. Our results demonstrate that the ac-
curacy of the PET-plus-MR synthesized images is comparable 
to that of readers interpreting the same full-dose images at 
different time points.

Quantitative analyses from the Bland-Altman plots show 
less bias and variance in the mean regional SUVR values from 
the CNN-generated values compared with the low-dose images. 
Moreover, the images from the PET-plus-MR model performed 
better than the images from the PET-only model. This shows that 
the PET-plus-MR model is capable of generating images with 
SUVR values that are comparable to the original full-dose images.

There are several limitations to our study. We performed 
CNN model training on a two-dimensional model (section 
by section), though the tracer uptake distribution is also de-
pendent on the morphology along the z-axis. The results can 
likely be improved by implementing a full three-dimensional 
model or incorporating morphologic information from neigh-
boring sections (so-called 2.5-dimensional model) for training. 
During the readings, an unavoidable limitation of the study 
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Figure 7:  Bland-Altman two-dimensional histograms of regional standard uptake value ratios (SUVRs) compared between 
methods (ground truth to low dose, ground truth to PET+MR model, ground truth to PET-only model) across all data sets. The 
scale bar denotes the number of data points in each pixel; the solid and dashed lines denote the mean and 95% confidence 
interval (CI) of the SUVR differences, respectively. The images synthesized from the PET+MR model had the lowest bias (0.04) 
and smallest 95% CI (20.26, +0.33) relative to the ground truth full-dose images.

simultaneously acquired MR images and ultra–low-dose PET 
data. The CNN can reduce image noise from low-dose recon-
structions while the addition of multicontrast MR as inputs 
can recover the uptake patterns of the tracer. Our results can 
potentially increase the utility of amyloid PET scanning at 
lower radiotracer dose (radiation exposure similar to that on a 
transcontinental plane flight) and can inform future Alzheimer 
disease diagnosis workflows and large-scale clinical trials for 
amyloid-targeting pharmaceuticals.
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