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Aim/Introduction: For the diagnosis and treatment planning 
of gliomas a reliable tumour delineation is required. For [18F]
FET PET-based glioma segmentation, a threshold of 1.6 x 
background intensity is clinically established, but it does 
not always accurately reflect the real tumour boundaries. In 
contrast, deep learning segmentation algorithms delineate 
tumours based on more sophisticated, self-learned features. 
For model optimization, validation and comparison of 
both approaches, ground truth activity distributions were 
generated in this study based on real PET data and used as 
input for PET simulations. Materials and Methods: Lesion-
free images were artificially generated from static [18F]
FET PET images of 314 glioma patients by mirroring the 
healthy cerebral hemispheres. Each image was divided 
into connected sub-volumes with defined intensity ranges. 
This was followed by the application of a VOI-based partial 
volume effect correction. Gliomas extracted randomly from 
[18F]FET PET data were then inserted. Artificial PET images 
with homogeneous and heterogeneous tumours were 
simulated from these ground truth data using dPETSTEP [1]. 
Multiple intensity-thresholds were evaluated and optimized 
for delineation by maximizing the mean Dice coefficient 
using repeated 5-fold cross validation based on background 
intensity (IBG), maximum intensity (IMax), and contrast (ICont=IMax-
IBG): FBGxIBG, FMaxxIMax, and (IMax-IBG)xFcont+IBG. For the deep 
learning-based approach the segmentation performance of 
a convolutional neural network [2] was validated accordingly 
using the same dataset splits. Results: The cross validated 
Dice coefficients of the optimized thresholds were 0.84 ± 
0.16, 0.83 ± 0.20 and 0.86 ± 0.16 for homogeneous and 0.84 ± 
0.16, 0.63 ± 0.26 and 0.79 ± 0.19 for heterogeneous tumours 
for background-, maximum- and contrast-based methods, 
respectively. Dice coefficients for the clinically established 
FBG of 1.6 were 0.79 ± 0.23 and 0.78 ± 0.21 for homogeneous 
and heterogeneous tumours while the deep learning-based 
approach yielded 0.93 ± 0.08 in both cases. Conclusion: When 
simple threshold-based methods are used, contrast-based 
segmentation yields best performance for homogeneous 
tumours and background-based for heterogeneous tumours. 
Deep learning performs best, for both homogeneous and 
heterogeneous tumours and might thus be applicable in 
a wider range of glioma-types. References: [1] Haggstrom, 
I. et al., Dynamic PET simulator via tomographic emission 
projection for kinetic modeling and parametric image 

studies. Med Phys, 2016. 43(6): p. 3104-3116.[2] Kamnitsas, 
K. et al., “Efficient Multi-Scale 3D CNN with Fully Connected 
CRF for Accurate Brain Lesion Segmentation”, Medical Image 
Analysis, 2016.
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Aim/Introduction: Recent studies demonstrate that total 
tumor volume (TV) computed from PET/CT images of 
cancers especially metastatic prostate cancer is a strong 
prognosticator of therapy response and survival. To compute 
TV, it is essential to detect and segment lesions. When 
performed manually, it requires considerable amount of time 
and thus cannot be easily implemented in routine clinical 
practice. In this work, we aim to develop a convolutional 
neural networks-based framework for lesion detection 
and segmentation of prostate cancer metastases in PET/
CT images, enabling a fully-automated computation of TV. 
Materials and Methods: 526 whole-body PET/CT images 
of patients with metastatic prostate cancer were available 
for the study, acquired with the [18F]-DCFPyL radiotracer 
that targets prostate-specific membrane antigen (PSMA). 
Transaxial PET image size was 192 x 192 pixels (3.64 x 3.64 mm/
pixel), and the CT images were downsampled to the same 
size. In each image, up to 5 lesions were manually delineated 
by a nuclear medicine physician, and the mean number of 
lesions was 2.23 (standard deviation 1.87). 418 images were 
used for model training, 30 for model validation, and 78 for 
model testing. Two models were tested: a fully convolutional 
network with a ResNet-101 backbone and a U-Net. The models 
were trained to identify lesions for each pair of PET/CT slices. 
The inputs included the PET/CT slices, the two neighboring 
slices to incorporate the 3D contextual information, and the 
axial position of the central slice. Oversampling was used to 
address class imbalance. Results: Model performance was 
evaluated using the Intersection over Union (IoU) metric. 
The ResNet-101 and U-net architectures produced a similar 
IoU of 0.22-0.25. The mean sensitivity was 0.44 and specificity 
>0.9999. Both models generalized well to new data, as the 
validation and test sets produced similar IoU values. At least 
one lesion was detected correctly in 79.5% of the test images. 
Near the bladder, 78% of lesions were detected. Away from 
the bladder, 92% of lesions with SUVmax>5 were detected, 
with mean Dice score 0.52. Conversely, only 17% of lesions 
with SUVmax<5 were detected. Conclusion: Our results 
demonstrate the feasibility of performing simultaneous 
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lesion detection and segmentation using convolutional 
neural networks. The models were good at detecting lesions 
with SUVmax>5. Lesion intensity and proximity to bladder 
were found to be especially important in detectability. Future 
work will focus on improving the detection of lesions with 
lower SUV values by designing custom loss functions and 
data augmentation techniques. References: none
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Aim/Introduction: Natural Language Processing (NLP) is 
useful for cohort building by automatically selecting studies 
for various conditions. Specifically, for cancer research 
NLP might be useful as it requires handling of Big Data 
for information extraction. Manual data retrieval is both 
cumbersome and impractical from such a huge corpus. Use 
of NLP tools to extract data from radiology reports can make 
it less time consuming as well as more effective. In this study, 
we have developed and compared deep learning models for 
classification of lung cancer radiology reports from a corpus 
of radiology reports. Materials and Methods: This study was 
approved by IEC of the hospital as a retrospective study with 
waiver of consent. 3902 reports radiology reports, including 
CT and PET/CT of thoracic disease management group were 
used. Reports were anonymized and cleaned by using a python 
script where patient identification information was removed 
and text lowercased. We performed a balanced train-test 
split(70:30) of the corpus. The training set was used to train 2 
different deep learning models using bidirectional long short 
term memory neural networks. The test set was then used to 
test the model. The two models used and compared were-1) 
Bi-LSTM_simple: Input layer, text embedding layer, Bi-LSTM 
layer(units = 32), output dense layer and 2) Bi-LSTM_dropout: 
Input layer, text embedding layer, SpatialDropout1D layer 
(0.5), Bi-LSTM layer (units = 32), GlobalAveragePooling1D 
layer, GlobalMaxPooling1D layer, concatenate, Dropout layer 
(0.5), Dense layer (activation=”relu”), Dropout layer (0.5), 
Dense layer (activation=”relu”), Dropout layer (0.5), output 
Dense layer. We calculated and compared the precision, 
recall, F1 score and accuracy of the models for the test set. We 
also compared the AUC for both models using predicted class 
probabilities. Results: The models used for classification, Bi-
LSTM_simple had precision=0.91, recall=0.91, F1 score=0.91, 
accuracy=0.91, AUC using predicted class probabilities=0.963 

whereas Bi-LSTM_dropout had precision=0.95, recall=0.95, 
F1 score=0.95, accuracy=0.94, AUC using predicted class 
probabilities=0.991. Conclusion: Both the deep learning 
models showed good performance for classification of 
lung cancer reports from the corpus. However, the overall 
accuracy was better for the Bi-LSTM model with dropout 
layers. References: None
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Aim/Introduction: Metabolism quantitative images can 
be calculated from dynamic PET images. However, the 
conventional method requires arterial blood sampling as 
an input function and is highly invasive. Therefore, we have 
developed a method to estimate the input function from a 
dynamic PET image using a convolutional neural network 
(CNN). To verify the usefulness of this algorithm, we analyzed 
18F-FDG dynamic brain PET images while performing arterial 
blood sampling. We aimed to make it possible to analyze 
arterial blood sampling by the conventional method without 
using blood sampling data on CNN. Materials and Methods: 
29 patients with neurological diseases (37.3±13.2 years old, 
11 males, 18 females) were employed. For each patient, 
185MBq of18F-FDG was infused intravenously, arterial blood 
sampling and dynamic PET data acquisition were performed 
at 20, 50, 70, 100, 140, 180, 220, 270, 330, 390, 450, 570, 750, 
930, 1110, 1350, 1650, 1950, 2250, 2550, 2850, 3150 seconds 
after infusion. Sampled arterial blood was centrifuged and the 
radioactivity of the plasma was measured with a well-counter 
to obtain the time-activity curve of the arterial plasma. The 
22-frame PET images in one axial plane was used where 
internal cervical artery was taken most clearly. Twenty-nine 
cases were divided into 28 train cases and 1 test case. Using 
the dynamic PET images of train case and sampled arterial 
plasma curves, a CNN was trained. The CNN estimated the 
time-activity curve of the arterial plasma by using dynamic 
PET images of test case. After that, the estimated value and 
the measured value were compared. The test cases were 
changed in order and repeated 29 times (Leave-One-Out 
method). Results: Estimated time-activity curves by CNN using 
the Leave-One-Out method had no difference statistically 
by Wilcoxon test at any sampled time compared with those 
from sampled arterial plasma. In each test-group patient, 100 
ROIs were positioned in the brain and time-activity curves in 
the brain tissue were obtained and cerebral metabolic rate 
of glucose (CMRGlc) was calculated. Correlation coefficients 
between CMRGlc from the sampled blood and from the 
CNN yielded a significantly high correlation coefficient is 
0.97. Conclusion: The time-activity curve of arterial plasma 
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