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DISCUSSION

With the development of Computed Tomography (CT), CT imaging is playing a more 
essential role in abnormality identification, diagnosis, and prognosis. Given the growing 
interest in the various CT imaging applications, the number of deep learning algorithms, 
aimed at providing clinical support, has been increasing rapidly. 

The purpose of the research in this thesis was to develop and evaluate deep learning 
algorithms for early detection and prognostication of one of the deadliest cancers 
worldwide, lung cancer. To detect lung cancer at an early stage, screening trials have been 
established in many countries with effective results in reducing lung cancer mortality. 
However, the implementation of screening means more scans need to be evaluated, and 
scan reading is normally time-consuming and labor-intensive. Chapter 2 and 3 present 
that the designed system is capable of assisting radiologists in nodule detection, and 
demonstrated the possibility of improving the cost-effectiveness of lung cancer screening. 
If lung cancer is caught at an early stage during screening, radiotherapy can be used to 
treat it and reduce the mortality rate. However, the survival outcome of early-stage lung 
cancer after radiotherapy can vary significantly between studies. The algorithm described 
in chapter 6 demonstrated that it is feasible to guide personalized clinical decision making 
with clinical factors and image features extracted by deep learning for early-stage lung 
cancer treated with radiotherapy. Such a model has the potential to select high-risk patients 
who could benefit from adjuvant chemotherapy. We will now focus on discussing the major 
contributions, study limitations, and future developments for the research in this thesis.

▶▶ Pulmonary nodule detection

Lung cancer screening trials that aim to detect lung cancer earlier have been established 
worldwide but can result in an increased workload for radiologists to find possibly 
cancerous pulmonary nodules. Computer-aided detection (CAD) systems can assist 
radiologists and are playing a more essential role in clinical practice. However, as to 
whether computer-aided detection systems ensure accurate and trustworthy nodule detection 
in screening, remains an ongoing discussion. 

One of the limitations of the current CAD system is that small nodules can be easily 
overlooked. Although they normally have a low risk of malignancy, these nodules still 
require a follow-up since it is important to calculate their volume doubling time in order 
to assess aggression. A possible reason for the missed detection of small nodules is that 
they can be similar in morphology as the section of vessels in a regular axial slice, which 
might confuse CNNs to differentiate them from vessels during training. In clinical practice, 
radiologists commonly use the axial slices processed by the maximum intensity projection 
(MIP) technique for nodule detection because most of the vessels are more consecutive and 
nodules, including small ones, are enhanced compared to regular axial slices. In chapter 
2, inspired by the clinical procedure of MIP, a dedicated CAD system using U-net and 
VGG net was proposed for improving small nodule detection. Initially, applying regular 
axial slices resulted in a detection rate of 82.8% with 14.6 false positives (FPs) per scan 
regardless of nodule size. Regarding nodules smaller than 10 mm, the detection rate of the 
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system was 79.4%. When MIP slices were utilized, the system achieved a higher sensitivity 
of 88.5% for nodules smaller than 10 mm with the same model U-net. We then randomly 
selected four different MIP slices for training the models in streams. The combined results 
of MIP slices presented a significant improvement in sensitivity (94.6%) for small nodule 
detection, as well as an increased overall sensitivity of 95.4%.

Optimization of deep learning algorithms can be a promising alternative to improve 
the performance of CAD systems. In chapter 5, an optimized CAD system utilizing U-net++ 
was designed and attained a higher sensitivity of 91.1% for the same regular 1mm axial 
slices used in the U-net system that had a sensitivity of 82.8%. The good performance of 
U-net++ was attributed to the help of skip connections which reduced the gap between the 
feature maps of the encoder and decoder and improved gradient flow. By adding nested 
connections, U-net++ was able to extract features efficiently, not only in small receptive 
fields but also large receptive fields. The connections, in a sense, solve the problem that it is 
challenging for convolutional neural networks i.e., to analyze small nodules effectively with 
only a few pixels from a 512 by 512 image. An attention gate model can also be a valuable 
addition [1] by suppressing insignificant regions while enhancing significant features, which 
allows the model to detect targets proficiently, e.g. nodules, in complex morphological 
tissues. Furthermore, low-level features require more computational powers but contribute 
less to the final detection. A resolution parallel partial decoder model can be embedded to 
reduce the computation by considering fewer low-level features and the same number of 
high-level features that strongly affect the performance [2], and thus boost the efficiency of 
the system.

It is also essential to improve the detection of different types of nodules. One of 
the challenges is to identify non-solid nodules. Their densities are similar to that of the 
surrounding tissue, which challenges the CAD system in their detection. Moreover, the 
number of solid ones in the LUNA16 dataset is 14 times higher than non-solid lesions, 
which causes an underrepresentation of non-solid cases. Consequently, CAD systems 
trained with this dataset would tend to learn more about solid nodule features and so be 
more likely to fail to detect non-solid nodules. Chapters 4 and 5 show that MIP slices in 
16 slab thickness settings, and 1 mm slices on coronal and sagittal planes, can provide 
complementary information for non-solid nodule detection. This might be the reason 
that the non-solid nodules had more distinguishable characteristics in one of these slices. 
Another possible solution is including more non-solid nodule samples to create a relatively 
balanced database that could benefit the development of CAD systems on LUNA16. Data 
augmentation can create more training data to leverage deep learning for performance 
improvement so augmenting more data on a target nodule type might be a feasible solution 
to increase their detection rate. The classic augmentation methods are scaling, cropping, 
flipping, rotation, translation, etc. In most of the studies, data augmentation was designed 
manually by combining some of them. Therefore, the augmentation might not be optimal 
for the model development so an automatic search algorithm to find the best augmentation 
policy for convolutional neural networks from a target dataset is needed. Yet, training 
systems on special types of nodules, and fusing the results of systems, can also be an 
option to improve performance in the detection of different types of nodules. Setio et al. [3] 
combined CAD systems that were designed for the detection of nodules, such as subsolid, 
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juxta-vascular, juxta-pleural nodules. After merging the results of the dedicated systems, the 
combined system had a high sensitivity of 98.1% with 4 FPs per scan on LUNA16.

Another improvement challenge is lowering the false positive rate while retaining a 
high sensitivity. In order to find as many nodules as possible, CAD systems try to include 
all the suspicious candidates but this will result in an increased number of FPs. Although 
the multi-scale Dense-net model described in Chapter 5 resulted in excluding 98.1% of 
the FPs, with a sensitivity of 96.0%, we realized some nodular findings, osteophytes, 
and pulmonary vessels can still be considered as “nodules”. An option for false positive 
reduction is to raise the system confidence in considering a candidate as a nodule. However, 
true positives may also be ruled out, which leads to a lower sensitivity. There is always a 
trade-off between sensitivity and the number of false positives on using different thresholds. 
As to which point on the trade-off curve can be used to determine clinically accepted 
performance is of importance. Before evaluating our MIP-based CAD system on scans in a 
Chinese lung cancer screening program, we selected a point when the sensitivity was 94.3% 
and the FP rate was 2.4 per scan since the sensitivity was high enough and the FP rate was 
acceptable for our radiologists. As a consequence, 70% of the negative scans could be 
safely excluded and 90% of nodules were detected. This showed that using a CAD system 
could significantly reduce a radiologist’s reading time who can then concentrate more on the 
diagnosis of positive scans. Thus, with faster detection, the implementation of lung cancer 
screening can become more cost-effective.

Acquiring the ground truth of the database is crucial for CAD development 
and validation. The reference standard is normally derived by a consensus by several 
radiologists. However, reading CT scans can be fatiguing and so radiologists might miss 
some nodules. Additionally, variations in reading ability may result in nodules with a low 
agreement level not being considered as true positives. Thus, some true nodules detected 
by the CAD system are regarded as false positives. For example, a study evaluated three 
artificial intelligence systems on the large LIDC-IDRI dataset, with 777 nodules being 
accepted by four radiologists [4]. The best system reached a sensitivity of 82% with 1108 
false positive findings. After the obvious non-nodules were excluded by a researcher, 
45 marks were accepted by the four radiologists as nodules, of which 70% were subtle 
pulmonary nodules. In Chapter 3, our proposed MIP-based system was validated on 
scans from a Chinese lung cancer screening program. The final reference standard were 
conducted by two independent senior radiologists who evaluated results of double reading 
and our system. Sixty-three nodules were found by the MIP-based system, but they were 
missed in double reading. To avoid missing nodules during screening, it is still necessary 
for radiologists to assess the findings of the existing CAD systems further before reporting 
the final result. 

▶▶ Early stage lung cancer prognostication 

The purpose of lung cancer screening is to find lung cancer earlier and give prompter 
treatment. If lung cancer is diagnosed at an early stage, early treatment, including 
radiation therapy and surgery, can be applied to improve the survival rate. Accurate 
prognostic prediction is essential for personalized treatment. Some studies have explored 
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the effectiveness of nomograms using clinical factors for prognostication but only a few 
have investigated the value of image features by deep learning approaches. This could be 
explained by the limited datasets, including patients who have received the same treatment 
for tumors at a certain stage.

In Chapter 6, we designed prognostic models for the survival outcome of non-small 
cell lung cancer after radiation therapy. The results showed that the hybrid model that 
combined clinical and image features from pretreatment CT scans achieved better AUC 
values on test sets than those of the models just using clinical factors or image features. 
Even though the hybrid model achieved good performance in survival prediction and can 
be used to guide clinical decision making, the complications and the patient’s health status 
should be considered before an alternative therapy is applied.

Although deep learning models help in selecting high-risk patients with worse tumor 
responses, the explainability of the prognostic models is low. We utilized a visualization 
method named Grad-CAM to present a heat map that shows the most relevant regions 
for prognostic prediction. However, the significant prognostic features are still unclear. 
This prevents the application of deep learning to real clinical environments since doctors 
cannot interpolate it. Compared to deep learning, clinical models using logistic regression 
or nomograms can indicate the significance of different features, and these features are 
explainable. Hence, opening the black box and transforming deep learning features into 
understandable features are important steps towards trustworthy clinical support.

Developing robust prognostic models for different outcome predictions demands 
extensive external evaluation. First, CT scans from another dataset generally results in 
lower validation performance of a system developed with a different dataset. A possible 
reason could be the diverse CT protocols which lead to inhomogeneous data in terms 
of differences in slice thickness and reconstruction kernels. CT scans with thicker slices 
result in more missing information between slices and the sharp kernel reconstructions 
have more noise compared to soft ones between the tumors and the surrounding tissues. 
Therefore, the extracted tumor features can be inaccurate due to incomplete or irrelevant 
information, which prevents the system from predicting outcomes correctly. Second, 
various tumor related characteristics between datasets, including staging, histology and 
biological equivalent dose targeting, could affect the performance of the deep learning 
model associated with tumor factors. For instance, a model mainly developed for early 
stage tumors might fail to predict accurate clinical responses for tumors at advanced stages 
because the significance of tumor staging can be different for the prognostic predictions 
for these two tumor groups. Last but not least, a diverse population can also lead to 
prediction bias. Hence, patient-related factors, such as age, sex, and Eastern Cooperative 
Oncology Group, should be carefully considered to avoid potential bias. Nevertheless, a 
fully comprehensive analysis of several independent datasets should be performed before 
applying models for prognostication in clinical practice. Currently, only a few public 
datasets are available for testing. These datasets are generally limited in sample size and 
have different distributions of tumor stages or types. More open datasets are required 
to facilitate the implementation and evaluation of deep learning systems for prognosis 
purposes.
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▶▶ Future developments and perspectives

With more data available, the era of deep learning is leading to a renewed interest in 
leveraging AI systems for accurate detection, diagnosis, and prognosis. More advanced 
deep learning architectures are constantly being designed, resulting in numerous successful 
applications in the field of medical image analysis.

Existing deep learning systems on pulmonary nodule detection can achieve 
remarkable results because of the contributions of some large public datasets and dedicated 
researchers. In 2016, Dou et al. achieved a sensitivity of 92.2% with 8 FPs per scan [5]. To 
date, pre-trained on the NLST dataset, the state of the art detection system is able to detect 
98.1% of the nodules, while only 1 FP per scan had to be re-evaluated, on LUNA16 [6]. 
Training data is one of the keys towards improving detection performance. An increasing 
number of screening programs have been set up so more CT data will be available in the 
near future. This will boost the development of deep learning applications further for lung 
cancer.

However, generating high quality annotations of these screening CT scans will be 
extremely labor intensive. Supervised learning might not be the appropriate solution to train 
systems on such a large scale dataset. In contrast, semi-supervised learning could provide 
an alternative by being trained on a small amount of labeled data, followed by clustering 
the predictions on unlabeled data. Ultimately, the unlabeled data can be labeled as much 
as possible and these labels can be continuously optimized until the loss is minimized. 
In addition, to train a more generalized system utilizing semi-supervised learning, data 
and computational resources from one center are insufficient. Distributed training of deep 
learning can integrate the distributed data and GPU-equipped instances between centers. 
Then an efficient training pipeline can be created to maximize the utilization of resources 
for further performance and efficiency improvement.

Another interesting direction for improving prognostication would be to use 
multimodal imaging and gene expression. Studies have shown the prognostic value of image 
features on CT scans by radiomics and deep learning. Although radiomics features have 
been investigated on PET-CTs of lung cancer, yet there is still a lack of PET-CT data for 
training deep learning algorithms. Moreover, Fibroblast Growth Factor Receptor 4 has been 
recently demonstrated as a biomarker for the prognosis of immune checkpoint inhibitor 
treatment of advanced non-small cell lung cancer. In the future, richer data resources, 
such as clinical factors, image features on CTs and PET-CTs, and gene expression, will be 
available for prognostic outcome predictions, and deep learning could provide an automatic 
solution for feature extraction and selection using the resources without interferences. A 
further outlook would be to design deep learning-based prognostic algorithms by combining 
richer information to increase the prognosis accuracy.

To conclude, the work described in this thesis presented the value of using deep 
learning to assist radiologists and oncologists in pulmonary nodule detection and prognostic 
predictions. As systems improve in performance, deep learning will play an increasingly 
important role in the standardization and automation of lung cancer screening procedures, 
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and in filling the gap between medical imaging and personalized medicine for lung cancer. 
To accomplish this goal of reducing the lung cancer mortality rate, more joint efforts should 
be made by research groups and companies.
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