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NEUROEVOLUTION OF CONVOLUTIONAL NEURAL NETWORKS FOR THE
CLASSIFICATION OF LUNG CANCER IMAGES

Convolutional neural networks demonstrate impressive results during medical imaging of lung cancer. It may be
possible to make diagnoses with convolutional neural networks on conventional chest X-rays that are definitively apparent
on subsequently computed tomography and biopsy. Computer vision may reduce the need for further evaluation with invasive
testing or prevent errors of missed diagnoses. Using over twelve thousand images of proven lung cancer from the Prostate,
Lung, Colorectal, and Ovarian dataset, we developed an algorithm to predict the presence or absence of lung cancer. The
classification algorithm has achieved an accuracy of 96.09% with a positive predictive value of 99.11% and a negative
predictive value of 93.25%.
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I1.M. PAJIOK

XMeNbHUIBKHN HALIOHAIBHUH YHIBEPCUTET

HEWPOEBOJIIOIIS KOHBOJILIMHAX HEMPOHHUX MEPEK
JJISI KIACU®IKALIL JIIKYBAHHSI JIETEHD PAKY

320pmkosi HellpoHHI Mepedxci demoHcmpyromb 8pascaroul pe3yabmamu nid yac meduvHoi eisyanizayii paky sezeHis. €
ModcAu8icmb npogecmu 0iazHo3uU 3 BUKOPUCMAHHSIM 320pMKO8UX HEUPOHHUX Meped 3a 36UMAlHUMU peHM2eHI8CbKUMU 3HIMKAMU 2pyOHOI
KAIMKU, SIKI 0cCMamo4Ho nposieAsslomsbCsi Ha nodaabWwitl komn tomepHiii momozpadghii ma 6ioncii. Komn'tomepHe 6a4yeHHs1 Mojce 3MeHWumu
nompe6y 6 nodaavwili oyiHYyi 3a 0onomMo20l [HBA3UBHO20 Mecmy8aHHsl a60 3anobicaHHs NOMUJAKAM nponyujeHux diazHosis.
Bukopucmosyouu hoHad 08aHadysimb Mucsiy 306paxceHb BUSIB/AEH020 PAKY Je2eHb i3 Habopy 0aHux 3 pakoMm npocmamu, Je2eHb,
Ko/l0peKkmaJly ma SIEYHUKI8, MU NpedcmasAsieMO as120pumm 051 NPO2HO3Y8AHHS HASIBHOCMI a60 8idcymHocmi paky JsezeHis. Anzopumm
Kaacugikayii docsizHye mouHocmi posnisHagaHHs 96.09% 3 noO3uMuUBHOW NPOZHOCMUYHOK YiHHicmio 99.11% ma HezamugHoH
npozHocmu4How yiHHicmio 93.25%.

Katouosi cnoea: 32opmkosi HellpoHHI Mepedici, 2eHemuyHi anzopummu, 2inepnapamempu, Ha6ip 0aGHUX, pakK J1e2eHb.

Introduction

Over recent decades, the number of lung cancer patients has increased dramatically. Former or current
smokers and those exposed to radiation or chemicals in the workplace have especially higher risks to the disease.
According to the recent researches, over 1,465,000 people die every year from cancers, 18.2% of which is a variant
of lung cancer [1]. The tumours resulting from this disease at a particular stage are visible to experienced
radiologists on such mediums as chest X-rays, computed tomography scans, and positron emission tomography
scans. The images of lung cancer serve as a preventative measure in several cases. Late detection of the disease
leads to fatal consequences. Nowadays the level of survival from lung cancer is about 10% [2].

Owing to continued research into deep learning and convolutional neural networks (CNNs) during the past
several years, image classification and object detection have shown tremendous improvements in performance [3].
Not only does the success of CNNs owe to computing power and large datasets but also the innovations into the
model structure [4]. Replacement of the activation function on ReLU [5], insertion of dropout layers [6], fully
connected layers, and various optimisation techniques significantly changed and improved approaches of using
CNNs [7], [8].

Genetic algorithms are search heuristics that try to imitate the process of natural selection to find possible
solutions to optimisation as well as search problems. They have two main components: genetic representation of the
solution space and the ability to evaluate the fitness of solutions. At first, we form every possible CNN architecture
through our genetic encoding scheme. Having trained the model on the training data, we evaluate the fitness of the
solution. In the end, we test the trained solution on our test set, which then becomes the solution’s fitness [9].

Genetic algorithms begin with the original population of genes and populations of problem-solving. Once
every solution in the population is evaluated, they all are chosen based on their suitability for modification to create
a new generation of solutions. In the result, the more fit the solution, the more likely it has a descendant. The
population becomes better at solving the task with time. The algorithm ends when at least one individual across all
generations is recognised as the best solution to the problem.

The use of neural networks in medical diagnosis

The use of data analysis on medical images is not a new approach to medical diagnosis. However, many
applications of computer vision for medical applications struggle due to the medical data being noisy, inexact,
sparse, or just too big. Therefore, algorithms of medical diagnosis based on CNNs have been continually improving.

In a recent project performed at the University of Bern, a group of researchers created a deep CNN
architecture for the classification of lung diseases based on lung slices from computed tomography images that
performed with an accuracy of 85.5% on its dataset [10]. They successfully classified lung computed tomography
image patches between six different lung diseases. The dataset consisted of 2,032 different diseases. To handle such
a diverse dataset, they balanced their classes using a dynamic tree-taxonomy. To eliminate the problem of small
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training classes, researchers generated classes based on the number of examples rather than final diagnoses. It
resulted in having 757 classes, instead of 2,032.

In another project performed at the Federal University of Parana, a CNN performed to classify images of
cell slides of breast cancer patients [11]. Using the BreaKHis dataset [12], researchers used AlexNet to classify
microscopic biopsy images of benign and malignant breast tumours. Each slide of breast tissue contained four
images, each with different levels of magnification. To handle the high-resolution nature of their dataset, they
invoked a few techniques. The first was the use of sliding windows with 50% overlap, and the second was random
crops of the raw image with no overlap.

The goal of the article and tasks to fulfil

For this paper, we used the modified NEAT algorithm, dubbed DeepNEAT [13], to evolve the architecture
of CNN. We inserted convolution and pooling layers with pseudorandom hyperparameters into a minimal
architecture and then optimised the weights through backpropagation on the training set. The fitness of a model is
the final accuracy on the test set after two epochs of training.

During neural networks deployment, dozens of parameters require optimisation. Optimising parameters
through any search algorithm is impractical, especially one based on chance.

We claim the following tasks that must be fulfilled:

1. The encoding had to be able to encode directed acyclic graphs of variable size;

2. Be able to track topological innovations over time,

3. Be able to create a new, coherent, individual from the genes of two parent individuals;

4. The encoding scheme must inherently allow for an efficient search for optimal network architectures.

Few encoding schemes satisfy all these requirements. We chose direct encoding in the form of graph
encoding. More specifically, we used Schiffman encoding [14]. Its basic structure is a list of neurons with their
connectivity information. We program our own rules for mutations, so mutations do not result in illegal phenotypes.
Each vertex in the graph represented a layer in a CNN, and also stored hyper-parameter information for the
construction node.

The NEAT algorithm was slightly modified in order to evolve a CNN. First of all, we defined primary
mutations. Inject Node injects a random node (convolution, pool, or ReLU) with pseudo-random hyperparameters
into the genome’s network between a pre-existing connection. Before injecting the new node, we checked to ensure
that it would produce a valid network. If it did, the injection occurred, if it did not, we changed the hyperparameters
to values that would result in a valid network. This approach solves the problem of convolving the image to zero
dimensions, as is guaranteed to occur as the number of injects increases. Inject Segment injects a pair of convolution
with a ReLU, as well as a pool layer in a preexisting connection. Point Mutate changes the essential
hyperparameters of a node.

Dataset

The dataset used for training and testing was compiled from the Prostate, Lung, Colorectal, and Ovarian
Cancer Screening Trial (PLCO)
dataset [15]. The dataset contains
images of randomised and controlled
trials to determine whether specific
screening exams reduce the mortality
of prostate, lung, colorectal, and
ovarian cancer. Approximately
155,000 participants took part in the
screening portion of the trial from
1993 to 2006. If a participant
developed cancer at any point during
the screening phase, all CXRs

o . \ . preceding  the  diagnosis  were

' : : B considered to be cancerous and marked

Y V7 A C A . A [a as positives, which resulted in over
Fig. 1. From the PLCO dataset to lung cancer diagnosis 9,200 positives in the dataset. The
typical instance of the PLCO dataset is

presented in figure 1.

The original PLCO image dataset occupied 2.2TB in TIF format with individual images of chest
radiographs having an approximate size of 2000x3000 pixels. In [16], the dataset was improved through down-
scaling and then cropped. The current dataset was uniformly downscaled to 256 x 256 pixels and stored in PNG
format. The dataset was randomly split into 70% and 30% for training and testing, respectively. In order to train the
DeepNEAT algorithm, we selected several CNN models and applied them using the machine learning framework
TensorFlow v. 1.10.0 [17].

Training

During the training, we used a gene pool of fifty individuals, throughout ten generations. The DeepNEAT
algorithm received mutation rate parameters, which determined the frequency of each mutation. Each mutation
received specific rate (table 1).
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Table 1

The mutation rate of the genetic algorithm

Mutation Rate, %
Inject Convolution 50
Inject Pooling 50
Add ReLU 30
Point Mutate 45
Inject Segment 15

At the first stage of training, the genetic algorithm graphically coded the network. After that, we export the
created graph to the TensorFlow model. Each model received an identical set of hyperparameters. The names of

hyperparameters and their values are listed in table 2.

Table 2
Parameters of the CNN
Hyperparameter Value
Optimisation function SGD
Epochs 5

Learning rate policy INV
Learning rate 0.01
Momentum 0.9

Weight Decay 0.0005

Results
We conducted several experiments with different sizes of generations of the population. According to the
training results, fifty individuals for ten generations were the most efficient in producing a fit population, as well as
producing very fit top models. We trained five hundred models and outperformed the state-of-the-art classification
models by 4%. The recognition accuracy increases with the increase in the number of generations of the DeepNEAT

100

algorithm (fig. 2).
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Fig. 2. Improvement of accuracy over generations

To test the effectiveness of DeepNEAT, we compared it to the best models from the past 5 years. As shown
in table 3, the accuracy of DeepNEAT exceeds every model. DeepNEAT executed in its entirety in 4 hours, whereas
AlexNet, ResNet-151 and GoogLeNet took over 21, 40 and 35 hours to train, respectively.

Table 3
Testing accuracy for applied models
Model Test accuracy, % Time training, hours
AlexNet 79.88 21.06
GoogleNet 89.34 40.19
ResNet-151 92.03 35.56
DeepNEAT 96.09 4.89

For binary classifiers, such as the DeepNEAT model, we calculated several statistics regarding the performance of
the algorithm. In table 4 we introduce the contingency statistical data, which present the frequency of the real

condition variable and the predicted condition variable.
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Table 4
Binary classifier evaluation contingency table
True positive False negative False positive True negative
Population, 1224 94 11 1298
numbers
Rate, % 92.87 7.13 0.84 99.16

From table 4 many ratios can be derived, most notably the rates of false positives and negatives among the
population. The statistical ratios were calculated from these inputs and presented in table 5. To calculate the
contingency rates, the network, based on the DeepNEAT model, has been calculated on all 1,884. Statistical
coefficients were calculated from these data and are presented in table 5.

Table 5
Statistical rations of predicted and confirmed population samples

Positive predictive rate, % 99.11
False discovery rate, % 0.89
False omission rate, % 6.75

Negative predictive value, % 93.25

Positive likelihood ratio, % 51.29

Negative likelihood ratio, % 7.19
Accuracy, % 96.09

The best model generated by the DeepNEAT algorithm achieved an accuracy of 96.09% with a positive predictive
rate of 99.11% and a negative predictive rate of 93.25%.
Conclusion

The final accuracy of the network over a set check of 96.09% indicates that the model has succeeded in learning the
functions associated with the presence of different types of confirmed lung cancer in these images. Given that the
human radiologist must spend a significant amount of time in each image to make the correct prediction, indications
for many types of cancer are not often seen early, causing diagnoses often arriving during the late stages of these
diseases. This model can handle images at a speed of 3.41 milliseconds each; the potential for using such a model as
the previous step of screening can save many lives from early detection and misdiagnosis. The automation provided
by this tool may reduce costs as well as increase the speed and accuracy of diagnoses.
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