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SUMMARY 

Lung cancer is one of the deadliest cancers worldwide, leading cause of death among both 
men and women. The 5 year survival rate for lung cancer patients is only between 10% and 
20%. However, the mortality rate can be reduced if it is diagnosed at an early stage and 
treated promptly. To find lung cancer earlier, screening trials have been established in many 
countries but it means numerous scans have to be evaluated, which is labor-intensive. Thus, 
a strong need exists to optimize the current screening procedures. 

After early stage lung cancer is detected and diagnosed in screening, accurate 
prognostic prediction is of importance for patients since the clinical response after treating 
early stage lung cancer can vary between patients. Therefore, in this thesis, to improve 
the efficiency of lung cancer screening and to provide personalized treatment strategies 
for patients, we focused on the development of deep learning algorithms for automatic 
pulmonary nodule detection and overall survival prediction of lung cancer.

Early detection of lung cancer is a fundamental step for the reduction of lung 
cancer mortality. Although efforts have been made by researchers to develop lung nodule 
detection systems, the performance of the systems still needs improvement. To explore 
the feasibility of using a clinical methodology, in Chapter 2, we proposed a maximum 
intensity projection (MIP) based system using convolutional neural networks for improving 
automatic lung nodule detection. The system was developed based on 888 scans with 1186 
nodules from the public LIDC-IDRI dataset. The networks, trained by 1 mm axial section 
slices, and 5, 10, 15 mm MIP slices, achieved sensitivities of 82.8%, 87.9%, 90.0%, 88.7%, 
respectively, with 14.6, 11.0, 7.8, 6.3 false positives (FPs) per scan, respectively. These 
results showed that taking MIP images into account did not only attain a higher sensitivity, 
but also lowered the number of false positives at the nodule candidate detection stage. 
After merging the results from the axial slices into four different slab thickness settings, the 
system detected 95.4% of the nodules, though more suspicious findings (19.1 FPs per scan) 
had been included. To refine the results, we implemented a false positive reduction model 
that used two pipelines with multiple volumes as input. In the end, the proposed system had 
a sensitivity of 92.7% with 1 FP per scan. We demonstrated that using MIP is effective to 
identify more lung nodules compared to regular slices and deep learning could gain benefits 
for nodule detection in combination with the clinical procedure.

In order to validate the MIP-based nodule detection system in clinical practice, an 
evaluation study was conducted in a Chinese lung cancer screening program. Chapter 3 
describes the validation results from 360 low-dose CT scans whereby one hundred and 
eighty individuals with nodules on the baseline LDCT scan were randomly mixed with an 
equal number of control screeners without lung nodules, i.e. a 1:1 ratio. These scans were 
first reviewed by eight radiologists in a double reading fashion. After evaluating the system, 
two independent senior radiologists used the results of the double reading and the system to 
derive the reference standard that included 262 pulmonary nodules with a diameter larger 
than 4 mm. The MIP-based system achieved a sensitivity of 90.1% (95% CI: 86.4-93.7) 
with 1 FP per scan, whereas the double reading detected 76.0% (95% CI: 70.7-81.2) of the 
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nodules with only 0.04 FP per scan. It was noted that the MIP-based system detected 63 
nodules which were missed by the double reading. Despite the higher false positive rate in 
the MIP-based system compared to the double reading, the system safely excluded 70% 
negative scans. Based on the results, we concluded that the MIP-based system that used 
deep learning can assist radiologists in detecting nodules during lung cancer screening.

The feasibility of using the MIP technique for improving the performance of deep 
learning in automatic nodule detection was proven. However, the optimal MIP slab 
thickness was unknown for deep learning systems. In order to find the optimal slab 
thickness setting to improve the efficiency of deep learning systems that applied the MIP 
technique, the effect of using various settings was worthy to be investigated. In Chapter 4, 
the convolutional neural network for nodule candidate detection in the MIP-based system 
was trained by multiple MIP slices on each of the 888 scans from the large-scale LIDC-
IDRI dataset. The evaluated MIP slab thickness settings ranged from 3 mm to 50 mm. 
The highest sensitivity of 90% was attained when the slab thickness was around 10 mm. 
The trend of the sensitivities for the three nodule sub-groups stratified by diameters was 
similar, as shown in Table 3 of Chapter 4. We observed that using MIP images with a slab 
thickness smaller than 15 mm can improve nodule detection regardless of size compared to 
regular axial slices. Moreover, with increasing slab thickness, the number of FPs showed 
a different curve, whereby the curve dropped quickly at the beginning and then was steady 
at 4 FPs/scan after the slab thickness was greater than 30 mm. We used the  score that took 
sensitivity and false positives into consideration. The slab thickness setting of 25 mm had 
the largest  value, which means the nodule candidate detection stage of the system was most 
efficient at this setting. We also found that although the difference in sensitivity between 
the 25 mm and 10 mm settings was only 2.1%, the sensitivity of the 10 mm setting was 
significantly higher than the other one. Considering that detecting more nodules is more 
meaningful at the nodule candidate detection stage, and a large number of false positives 
can be excluded by other methods later, 10 mm was finally determined as the optimal slab 
thickness at the nodule candidate detection stage. Interestingly, we observed that 10 mm 
was also the MIP slab thickness commonly used in human reading.

While the detection rate of small nodules was increased by using MIP, many small and 
other types of nodules were still missed. To improve the performance of nodule detection 
further, we tried to design a system that mimicked one of the other clinical procedures, 
namely multi-planar reconstruction (MPR). In Chapter 5, an optimized deep learning-
based system, based on axial, coronal and sagittal planes was proposed. Compared to the 
MIP-based system, more advanced deep learning algorithms, including U-net++ and multi-
scale dense convolutional neural networks, were applied. To detect more nodules, the study 
also used MIP slices with the optimal slab thickness of 10 mm, as analyzed in Chapter 4, 
to train the deep learning algorithm U-net++. The performance of the MPR-based system 
was promising, with a sensitivity of 96.0% and a FP rate of 2.0, on the LUNA16 dataset, 
whereas the MIP-based system had a sensitivity of 94.2% with 2 FPs/scan based on the 
axial plane only. The improvement was not only in overall performance, but also in small 
nodule identification. The sensitivity for nodules smaller than 6 mm improved from 90.4% 
to 93.4% with 1 FP/scan. Moreover, the system detected 23 more nodule types compared 
to the combined results of 1 mm axial slices and 10 mm MIP slices, which was attributed 



119

》》》CHAPTER  8

to the coronal and sagittal planes, of which 2 were non-solid, 4 part-solid and 17 were solid 
nodules. A high sensitivity of 91%, 100% and 98% were achieved for these three types of 
nodules, respectively. We showed that the MPR-based deep learning system with advanced 
algorithms is capable of catching different types and sizes of nodules accurately.

The accurate detection of lung nodules gives the opportunity to identify lung cancer 
at an early stage during screening. Radiotherapy can be a good alternative for early stage 
patients who are not operable. However, the overall survival of patients after treatment 
can vary significantly between studies. To improve patient prognosis, Chapter 6 presented 
a hybrid deep learning-based system that integrated both clinical variables and image 
features to predict the 2-year overall survival. An area under the curve value of the system 
on the UMCG and Maastro test sets was 0.76 and 0.64, respectively. The Kaplan-Meier 
survival curves showed statistically significant separation between low and high mortality 
risk groups from two independent test sets. The results indicated that the proposed hybrid 
system can be utilized to help radiation oncologists in the selection of high mortality risk 
patients who could benefit from systemic treatment.

This thesis presented technical implementations and clinical evaluations of automatic 
pulmonary nodule detection, and overall survival prediction for patients with early stage 
lung cancer. The developed deep learning based systems have the potential to boost the 
efficiency of lung cancer screening procedures, and reduce the mortality rate of lung cancer 
following early detection of lung cancer and accurate prognosis. The contributions in the 
thesis can improve the health care of lung cancer patients further.
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