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ARTICLE INFO ABSTRACT
Keywords: The research developed an improved intelligent enhancement learning algorithm based on
Electronic nose AdaBoost, that can be applied for lung cancer breath detection by the electronic nose (eNose).

Lung cancer

First, collected the breath signals from volunteers by eNose, including healthy individuals and
Enhancing learning

people who had lung cancer. Additionally, the signals’ features were extracted and optimized.

AdaBoost . L . . . . . ..
K-fold cross-validation Then, multi sub-classifiers were obtained, and their coefficients were derived from the training
Voting error. To improve generalization performance, K-fold cross-validation was used when con-

GA structing each sub-classifier. The prediction results of a sub-classifier on the test set were then
achieved by the voting method. Thus, an improved AdaBoost classifier would be built through
heterogeneous integration. The results shows that the average precision of the improved algo-
rithm classifier for distinguishing between people with lung cancer and healthy individuals could
reach 98.47%, with 98.33% sensitivity and 97% specificity. And in 100 independent and ran-
domized tests, the coefficient of variation of the classifier’s performance hardly exceeded 4%.
Compared with other integrated algorithms, the generalization and stability of the improved
algorithm classifier are more superior. It is clear that the improved AdaBoost algorithm may help
screen out lung cancer more comprehensively. Additionally, it will significantly advance the use
of eNose in the early identification of lung cancer.

1. Introduction

Lung cancer is currently one of the most prevalent and deadly cancers worldwide. According to IARC(International Agency for
Research on Cancer), the number of new lung cancer cases in the world in 2020 is 2.2 million, and the number of new lung cancer
deaths is 1.8 million [1]. Studies [2-4] have shown that the five-year survival rate of patients with lung cancer in the middle stage is
about 60%, while that of patients with advanced lung cancer is even less than 5%. However, the five-year survival rate of early-stage
lung cancer patients can grow to more than 90% after treatment [5]. Therefore, early diagnosis of lung cancer is very important.

At present, there are many techniques for screening of lung cancer, including X-ray, computed tomography (CT), positron emission
tomography (PET), and magnetic resonance tomography (MRI). However, each has its own disadvantages, such as the radiation risk of
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X-ray; the radiation risk and high false positive rate of CT; the low spatial resolution of MRI. The combined PET/CT diagnosis technique
can characterize and stage lung cancer, but it is expensive and cannot play a role in early lung cancer screening [6].

eNose is a smart instrument developed in recent years. It is designed to detect and discriminate among complex odors using an array
of sensors. It is a completely noninvasive method and is virtually unlimited with respect to frequency, access, and cost [7,8]. Because it
can link specific breath volatile organic compounds (VOCs) or breath-prints (i.e., patterns of VOCs) to the health status [9]. De Vries
et al. [10] in 2019 used an eNose to analyze VOCs from lung cancer patients to predict whether patients on immunotherapy will
achieve objective remission. The accuracy of its prediction can be as high as 85%. However, eNose devices do not provide information
about the specific breath VOCs composition, yet they identify a specific profile or “smell-print” of the overall composition of the breath.

Studies have shown the usefulness of eNose devices for the detection of lung cancer. Unlike traditional gas composition detection
techniques, eNose devices build a mathematical diagnostic model to detect lung cancer by VOCs. To effectively distinguish the gas
response of lung cancer patients and healthy individuals detected by eNose, researchers have designed a variety of algorithms. Hubers
etal. [11] in 2014 applied a combination of principal component analysis (PCA), independent component analysis (ICA), and logistic
regression analysis (LR), which could distinguish lung cancer patients from healthy individuals with 80% accuracy but only 48%
specificity. Chen lu et al. [12] in 2015 applied logistic regression analysis to effectively distinguish two types of breath samples with
80.6% accuracy and 74% specificity, respectively. Dekel Shlomi et al. [13] 2017 applied a support vector machine (SVM) for the
differentiation of two types of breath samples with 79.1% accuracy and specificity up to 88.9%. Maribel et al. [14] in 2019 applied PCA
and Fisher’s discriminant method to differentiate lung cancer patients from healthy individuals and the accuracy and specificity could
be improved to 82.2% and 91%. However, the performance of these algorithms is not yet sufficient to meet clinical needs. In addition,
these classifiers are based on small samples. However, its generalization performance has not been tested.

In the paper, an improved AdaBoost (ImAdaBoost) algorithm has been proposed to construct a classifier that can distinguish the
breath of lung cancer patients and healthy individuals. Based on the traditional AdaBoost algorithm, we applied the K-fold cross-
validation and the voting method to the innovative design of sub-classifiers [15]. And an integrated and enhanced classifier was
formed by weighting multiple heterogeneous sub-classifiers [16,17]. Then, we designed experiments to compare the performance of
the improved algorithm with other algorithms. Furthermore, experiments were designed to test the stability and generalization
performance of the improved algorithm. Through many random tests, the performance fluctuation curve was analyzed, and the sta-
bility and generalization performance of the algorithm was tested [18]. Finally, a new test sample set was collected and predicted by
the proposed algorithm in the paper.

2. Material and method
2.1. The eNose device

In the present study, the eNose device (shown in Fig. 1) we applied was commercial equipment suitable for general gas detection.
The device (ILD.3000, UST Sensors GmbH Company, Germany) is equipped with three electrochemical sensors, a metal oxide semi-
conductor, and a controllable temperature sensor [19]. Fig. (a) is the hardware system of the device and Fig. (b) shows the collection
interface of the device.

The three gas sensors in the device are the core of the device. They are the GGS1000 series sensor, which is sensitive to combustible
gases; the GGS3000 series sensor, which can detect hydrocarbons, especially for C1, C2 ......C8; and the GGS7000 series sensor, which
can detect NO [20]. The controllable temperature sensor Rt is designed to provide a suitable temperature environment to improve the
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Fig. 1. The eNose device.
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response-ability of the sensor to the gas. The temperature variation range is from 200 °C to 400 °C [19].

The whole process to collect breath data from a volunteer with the eNose device goes through 5 stages, including flushing the
sensor, patient measurement, and so on. After the system has warmed up, the total time is 17 min and 50 s. During the collection
process, only disposable mouthpieces were used and no interventional devices were used, which did not cause any harm to the human
body.

2.2. Data acquisition and pre-processing

The training data set is the breath data of 142 volunteers including 91 lung cancer patients and 51 healthy individuals. The in-
formation of all volunteers was recorded anonymously. The newly collected test samples include the breath data of 12 lung cancer
patients and 10 healthy individuals.

The inclusion criteria for volunteers for both groups comprised: (1) individuals >18 years, able to understand and read the consent
form; (2) patients who have primary lung cancer, no other evidence of metastatic cancer; (3) no history of smoking and alcohol abuse
in the last three months; (4) in the fasting state. The basic information about the volunteers is shown in Table 1.

The study was approved by the ethical committee of Shanghai Changzheng Hospital (Approval file number 2018SL029). All
volunteers were informed of the aim of the study. Instructions were given and verbal consent was obtained from each volunteer before
the collection of breath data.

The three curves as shown in Fig. 2 are the three exhaled gas response signals simultaneously collected by the eNose device, which
can be noted as y4, yg, and y.

As shown in Fig. 2, the signals collected by different sensors vary greatly, and the signals collected by the same sensor also vary
greatly. To facilitate data comparison and statistical analysis, all signals are normalized here. In normalization, max(y;) and min (y;)
used are respectively taken from the maximum and minimum values of signals collected by all volunteers on all sensors. Then, the
signal collected by each sensor can be transformed into the range of [0, 1] through Eq. (1).

0 _ Y/El) — min (y,) @
" max(y,) — min (y;)
where, i can be taken as A, B and C, representing three sensors respectively; i denotes the ith sample collected by a certain sensor. And
min (y;) and max(y;) represent the minimum and maximum values of all sample signals collected by the same sensor, respectively.
After normalizing the signals, their features such as time domain, frequency domain, and statistics are further extracted. In the
study, 14 time-domain features (maximum value and corresponding position, minimum value and corresponding position, mean,
peak-to-peak value, variance, standard deviation, waveform factor, pulse factor, peak factor, margin factor, and area), 14 frequency-
domain features (center of gravity frequency, frequency variance, root mean square difference, frequency spectrum and power
spectrum calculated by various methods) and 10 statistical features (polar deviation, median, quantile, plurality, coefficient of
variation, skewness, kurtosis, autocorrelation coefficient and information entropy, and correlation between any two sensor signals). By
combining all the features extracted from the three sensor signals, a set of high-dimensional (1557) features corresponding to one
sample could be obtained.

2.3. Feature optimization

To avoid the dimension disaster and improve the performance of the classifier, PCA and genetic algorithm (GA) were applied to
feature optimization, respectively.

PCA is a common feature dimensionality reduction method [21]. Its goal is to map high-dimensional data into low-dimensional
space through some kind of linear projection, that is, to replace the original n features with a smaller number of M features. It is
expected that the variance of the data is the largest in the projected dimension so that the new M features are not related to each other
as much as possible.

GA is a feature optimization algorithm based on natural selection that has emerged in recent years [22]. Feature selection based on
GA can be realized through four steps: generation of the initial population, feature selection according to the fitness function,
crossover, and mutation. In the study, the fitness function was constructed based on the error rate of the Bayesian classifier. The
crossover probability was set to a random number, the mutation probability was set to 0.5, and the number of iterations was set to 20.

Table 1
The basic information of the volunteers.
Training samples Test samples
Male Female Average age (years) + SD Male Female Average age (years) + SD
Lung cancer 63 28 55.8 £12.1 11 1 62.7 +£ 6.6
Control 34 17 51.6 + 14.6 6 4 55.9 +11.2

*In the table, SD means standard deviation.
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Fig. 2. Breath signals collected by Sensors.

2.4. Design of classifier

Lung cancer detection based on VOCs detected by eNose is essentially a classification problem. In the study, a highly robust
classification model is first been constructed by the expiratory signals of lung cancer patients and healthy individuals. When a new
sample is obtained, it can be fed as input to the classifier to determine whether it is a lung cancer patient or not.

The ensemble learning algorithm is a combinatorial algorithm [23]. The algorithm first constructs a series of sub-classifiers (weak
learners) and then aggregates the weak learners by using different strategies to make an overall prediction. The error rate of this
aggregated model will be reduced. Moreover, due to the mutual inhibition between the models, the generalization performance is
improved and the overfitting phenomenon can be avoided.

At present, the representative integration algorithms include bagging, stacking, and boosting. The bagging algorithm constructs
multiple classifiers based on different training samples to predict new samples respectively and obtains the final prediction results by
voting [24]. The stacking model is a two-layer hierarchical integrated model framework. The basic idea is to fuse the prediction results
of several single models through one model, to reduce the generalization error of a single model [25]. In the first layer, cross-validation
is used to predict and generate a new training set as well as a new test set. In the second layer, the new training set is used to build a
classifier, and the new test set is predicted to get the final prediction results. The representative boosting algorithm is the AdaBoost
algorithm. The algorithm first trains a sub-classifier and adjusts the data distribution according to the training error. Then a new
sub-classifier is constructed based on the new data distribution. Repeat this process until the required number of sub-classifiers are
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Fig. 3. Design of an ImAdaBoost classification model based on multiple integrated models.
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obtained. Finally, these sub-classifiers are weighted and combined to obtain the final prediction results. The three algorithms have
their advantages and disadvantages. The bagging algorithm is mainly used to improve generalization performance and solve over-
fitting problems. In the stacking model, because the training data used in the two layers are different, the results are more robust. In
contrast, the AdaBoost algorithm can improve training accuracy and reduces underfitting.

For small samples, to obtain a high-precision classifier with high generalization performance, we try to fuse the above three
commonly used integrated classifiers in our study.

Just as shown in Fig. 3, First, K-fold cross-validation is used to train multiple base learners, and then the sub-classifier is obtained
based on the voting method. Furthermore, the coefficients of the sub-classifier are obtained based on AdaBoost theory, and the data
distribution of training samples is adjusted. In a new round of training, new machine learning algorithms will be added to train new
sub-classifiers After reaching the preset training times, the training is stopped, and all sub-classifiers are weighted and combined to
obtain the final prediction result.

3. Theory

The idea of the AdaBoost algorithm is to combine the outputs of multiple “weak” classifiers (sub-classifier) in a weighted manner to
produce an effective classification. Its adaptability lies in that the samples misclassified by the previous sub-classifier will be
strengthened by a higher weight, and the weighted samples will be used to train the next sub-classifier again. However, in the paper,
the design of the sub-classifier has been improved based on cross-validation, voting method, and multiple different classification
algorithms.

3.1. Improved design of sub-classifiers

As shown in Fig. 4, the construction of sub-classifiers based on the K-fold cross-validation method consists of three specific steps. In
the figure, the training set is denoted as ‘TrainSet’ and the test set is denoted as ‘TestSet’.

In the first step, K-fold cross-validation is applied to the training data (‘TrainSet’) and k basic classifiers are obtained. First, divide
the ‘TrainSet’ into k sets randomly. Then select one group as the test sample “TestData” and the other (k-1) groups as the training
sample “TrainData”. Afterward, based on a classification algorithm, a group of classifiers can be obtained according to K-fold cross-
validation. At the same time, the basic classifier can predict the prediction of the test sample “TestData” and the test set “TestSet”
respectively. Finally, k different base classifiers are obtained. And predictions of k different test sample “TestData” sets will be obtained
by these different classifiers. In fact, these k different test samples constitute the training set. In the second step, combine the predictive

TestSet (the test set )

Step 1 ’ TrainSet (the training set )

J [K-fold cross-validation
(k-1) sets

oneset -

TrainData(i)
TestData(i) (the training samples)
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Fig. 4. Construction of a sub-classifier based on K-fold cross-validation and the voting method.
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values of the test set to obtain the predictive values of the training samples. For the test set “TestSet”, we will also get k-group pre-
diction results. In the third step, we can determine the final prediction result of the sub-classifier to the test set by voting. At the same
time, the prediction error of the sub-classifier to the training samples can also be obtained. A sub-classifier is thus constructed.

Following the process described above, more sub-classifiers will be designed. Meanwhile, to combine the advantages of multiple
classification algorithms, different algorithms can be selected when building different sub-classifiers. Thus, a plurality of heteroge-
neous sub-classifiers can be constructed sequentially.

3.2. Building integrated classifier based on AdaBoost

The core of the AdaBoost algorithm is the weighted combination of multiple sub-classifiers [25]. In Section 3.1, we get the training
sample error of each sub-classifier. And based on the training error, the weighting coefficients of the sub-classifiers can be obtained and
the sample weight will be adjusted. The enhanced classifier is finally obtained by weighting the set of these sub-classifiers.

Compared with the traditional AdaBoost algorithm, the results of the sub-classifier are more complicated to get and need to be
obtained from multiple base classifiers by voting. The core steps are as follows.

Step 1, select a machine learning algorithm and divide the training set by K-fold as described in 3.1. One fold of data is selected as
the test sample in turn, and k training sessions are performed to obtain k different base classifiers based on the chosen algorithm one by
one, forming a base classifier group, which is noted as the i-th sub-classifier.

The predicted value g;(j) of the sub-classifier group for the training set is obtained by Eq. (2).

()= [gh e ngl] (=1..Tj=1.m) @

where, k is the number of base classifiers. g}, g2..., ¢k are the predictions of the k base classifiers for one fold of data in the training set,
respectively, which are combined to form the i-th sub-classifier for all samples in the training set. T is the number of sub-classifiers. And
m is the number of the training samples.

The training error rate e; corresponding to the base classifier group then can be calculated by Eq. (3).

ei=> Di(k) k=1,2,..., m(g(j)#y) ?

where, k traverses all samples in the training set where the predicted value does not match the true value. D];(k) is the distribution
coefficient of sample k in the process of constructing the i-th sub-classifier. Its initial valuer is D’l =L For the binary classification
problem, the error rate is essentially the sum of the weights of these samples.

Step 2, calculate the weight coefficient ; of the i-th sub-classifier using the exponential function as the loss function by Eq. (4) [26].

1 1—e¢
a;=~log < e,) “4)
2 €;

Further, use Eq. (5) to adjust the sample weights Di »

for training the (i+1)-th sub-classifier.

U+1 = Dﬁ:e’“'ylg‘m/Dsum

mo %)
Dsum = Z D,
=

where, D’l is the training set sample weight corresponding to the ith base classifier group, while D’l 1 is the adjusted training sample
weight corresponding to the (i+1)th sub-classifier. o; is the weight coefficient of the i-th sub-classifier, while y; and g;(j) are the true and
predicted values of samples j, respectively. Dsum is the normalization factor.

Step 3, get the prediction results of each sub-classifier for the test set based on Eq. (6) by the voting method.

1 , k
;,Z(hi(i) <05).p>5
hi(l) = | ‘ (6)
— () > 0. <=
5 2 (1) =05).p <3
where, hi(j) is the predicted value of the base classifier t for the sample j to be tested. p is the number of k-base classifiers for which the
predicted value of the sample to be tested is less than 0.5. If p is more than half of the number of base classifiers, the output is the
average of all predicted probabilities less than 0.5; otherwise, the output probability is the average of all predicted probabilities that
greater than or equal to 0.5.
Once the predicted values of T sub-classifiers for the testing samples are obtained, the final predicted values of the classifiers can be
achieved according to Eq. (7) by weighing them.
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where, h;(I) is a set of predictions for the test set of the i-th sub-classifier. ¢; is the weight coefficient of the i-th sub-classifier. H(l) is the
prediction result of the integrated classifier.

4. Experiment and results

Identifying lung cancer patients through exhalation is essentially a classification problem. In the study, we expect to distinguish
lung cancer patients from healthy individuals by constructing a model. Therefore, the lung cancer group and the healthy group were
labeled as 1 and O respectively.

To quantitatively evaluate the application of the improved algorithm proposed in this paper for lung cancer detection, a series of
tests and experiments were designed.

First, the performance of this algorithm was verified by the cardiovascular public dataset.

Then, collected and pre-processed breath training samples (including 91 lung cancer patients and 51 controls). And features were
further extracted from the signals and optimized with PCA and GA, respectively. Thus, multiple feature sets of different dimensions
were obtained.

Furthermore, the training samples were randomly divided into a training set and a test set according to a certain ratio. The classifier
was constructed using the training set. In the study, six different algorithms, such as SVM, k-Nearest Neighbor method (KNN), random
forest (RF), LR, linear discriminant analysis (LDA), and back propagation neural network (BPNN), were selected to design sub-
classifiers. In addition, five-fold cross-validation was used to construct a sub-classifier. The specific method is described in Section 3.

In order to get more objective evaluation results, the training samples are randomly divided multiple times. Each division is
relatively independent. Different classifiers were constructed based on different training sets. And the average performance of these
different classifiers is taken as an evaluation index.

Finally, collect a new set of test samples. Constructed a classifier using the original training set and make predictions on it. Run 20
times and take the average value as the prediction performance.

4.1. Testing of the ImAdaBoost algorithm

The improved algorithm designed in the paper is to improve the performance of classifier detection under small samples. Its
performance was tested and compared with other algorithms by the open cardiovascular data set. In each test, 0.48% of data (about
316 pieces) was randomly extracted from the cardiovascular data set as the training set, and then 0.02% of data (about 130 pieces) was
taken as the test set. And the training set and the test set were randomly generated and independent of each other. The process was
repeated 20 times. The average performance of different algorithms [27-30] based on the cardiovascular public dataset was shown in
Table 2.

Compared with the current popular depth learning algorithm, the overall performance of the algorithm is not good. But because of
its fast running speed and low requirements for computer configuration, it is helpful to be used in universal screening to quickly assist
in disease identification. As seen in Table 2, the accuracy, specificity, and precision of the improved algorithm were obviously better
than those of other algorithms in small samples.

After verifying the effectiveness of the algorithm, we further tested the classification performance, generalization performance, and
robustness of the algorithm for the identification of lung cancer by breath.

4.2. Determination of feature optimization dimensions and optimization algorithm
Feature selection is an important first step in machine learning. It may optimize the effect and performance of the classification

model. Therefore, we first applied the PCA algorithm and the GA algorithm to optimize features in different dimensions. And then, by
comparing the average performance 20 times, the appropriate feature optimization algorithm and optimization dimension were

Table 2

Comparison of different algorithms based on the cardiovascular public dataset.
Classifier Accuracy Sensitivity Specificity Precision Fl-score
ImAdaBoost 71.88 65.92 77.84 75.10 70.07
AdaBoost 66.88 66.92 66.84 67.46 66.71
Bagging 64.96 66.30 63.61 64.82 65.21
Stacking 69.92 68.53 71.30 70.99 69.42
KNN 52.07 69.69 34.46 51.54 59.18
SVM 69.61 64.61 74.61 72.42 67.94
LDA 54.46 53.23 55.69 55.03 53.26
RF 68.84 68.46 69.23 69.46 68.66
LR 66.65 64.46 68.84 68.03 65.95
BP 51.15 98.84 3.46 68.03 80.4
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determined. In the test, 20% of the data (including 10 healthy individuals and 18 lung cancers) were taken as the test set and the
remaining 80% as the training set.

Tables 3 and 4 show the average performance results after using different methods to optimize features into different dimensions.
Ln the tables, Dim means the optimized feature dimensions; accuracy is the percentage of correct detections; sensitivity is the per-
centage of lung cancer patients that can be detected correctly; while specificity is the percentage of healthy individuals that can be
detected correctly, and precision is the percentage of correct judgments as lung cancer. In disease detection, it is necessary to improve
sensitivity while ensuring precision. While F1-score is the harmonic average of recall and precision, and it takes into account both the
sensitivity and the precision so that the two can reach the highest level at the same time. And AUC is the area under the ROC curve. The
larger the AUC, the better the classifier effect [30,31].

As can be seen from the two tables, regardless of the optimization algorithm, the AUC of the classifier was optimal when the feature
dimension was optimized to 30. And it was clear that the performance of the classifier based on the GA algorithm was better than that
of the PCA algorithm.

Therefore, in the following tests, we selected the GA algorithm to optimize the feature to 30 dimensions and further analyzed other
performances of the improved algorithm.

4.3. Determination of the number of training samples

It has been proved that the ImAdaBoost algorithm can be applied to the construction of classifiers with small sample training sets. In
the study, we continuously adjusted the ratio of training samples to test samples, expecting to find the optimal number of training
samples. In addition, the change in the performance of the classifier could be tested when the number of detected samples increased.

In the experiment, the random division ratios of the training samples were continuously adjusted and tested separately. The ratios
of the training set and test set were set as 1:9, 2:8, 3:7, 4:6, 5:5, 6:4, 7:3, 8:2, and 9:1, respectively. And then 20 tests were performed in
each case. The average performance was compared in Fig. 5.

As shown in Fig. 5. It can be seen that the performance of the classifier gradually becomes better as the number of samples in the
training set increases. When the test samples exceeded the training samples, there was a significant decrease in the performance of the
classifier as the test samples increased. In particular, the specificity decreased most significantly, with a change of about 30%.
However, when the training samples accounted for 60% or more of the total samples, the test performance of the classifier was
relatively stable. However, when the training sample accounted for 90%, all performances reached 100%, at which point overfitting
may have occurred.

Therefore, in the subsequent evaluation of the classifier performance, we took 80% of the sample for the training sample and 20%
for the test sample.

4.4. Classification performance

Further, we compared the performance of the improved AdaBoost algorithms with other integrated classification algorithms. The
integrated algorithms include the Stacking model and the Bagging mode, just as shown in Figs. 6 and 7.

Fig. 6 is the 20 times average performance comparison of the four integrated classifiers. Among the five indicators, the improved
algorithm had the best accuracy, sensitivity, and F1 score. They were 97.85%, 98.33%, and 98.34% respectively. Fig. 7 is the ROC
curves of the four integrated algorithms [31]. And the average AUC of the four integrated algorithms (ImAdaBoost, traditional
AdaBoost, Stacking model, and Bagging model)were 0.996,0.989,0.992, and 0.988. Although the precision of the improved algorithm
was slightly lower than that of the stacking model, its sensitivity is much higher than that of the Stacking model. In the study, we expect
to detect as much lung cancer as possible, which means that the sensitivity of the algorithm should be high. However, at the same time,
we do not want the specificity of the algorithm to be so low as to cause unnecessary panic. Therefore, we try to enhance sensitivity as
much as possible while ensuring precision. The comparison shows that the performance of the improved algorithm was optimal.

4.5. Generalization performance and robustness

Besides, evaluating whether an algorithm is effective depends not only on the performance but also on the generalization per-
formance and robustness. In the study, the stability and generalization performance of the classifier was tested based on the fluctuation
of performance changes in 100 tests. In each test, the training samples were divided randomly and independently.

We analyzed the volatility of the classifier performance by calculating the coefficient of variation of each performance over 100
tests. When the coefficient of variation is greater than 15%, it indicates that the performance of the classifier is unstable [32]. The

Table 3

Average performance comparison of the ImAdaBoost algorithm based on PCA.
Dim Accuracy Sensitivity Specificity Precision Fl-score AUC
10 74.64 77.22 70 82.74 79.44 0.845
20 68.57 63.88 77 85.8 70.51 0.855
30 76.07 70 87 91.26 78.29 0.901
40 77.85 78.88 76 85.57 81.72 0.857
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Table 4

Average performance comparison of the ImAdaBoost algorithm based on GA.
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Dim

Accuracy Sensitivity Specificity Precision Fl-score AUC
10 91.42 93.88 87 92.99 93.37 0.926
20 91.42 92.77 89 94.17 93.25 0.958
30 97.86 98.33 97 98.47 98.34 0.996
40 92.14 98.88 80 90.09 94.25 0.95

Performance Parameters(%)

Performance parameters varying with the percentage of training samples
(99.44)

, (100)
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Fig. 5. Performance of classifiers with different division ratios for training data.
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Fig. 6. Average performance comparison of the four integrated classifiers.

9:1

smaller the coefficient of variation, the more stable the performance of the classifier is, and the better the generalization performance
and robustness of the classifier [33].

In the analysis of the previous section, it was found that the performance of the improved algorithm and the stacking model was
significantly better than other integrated classifiers. Table 5 shows the comparison of the coefficients of variation of performance over
100 tests when the two classifiers were applied separately. By comparing the coefficients, it can be found that the classifier based on the
ImAdaBoost algorithm had more stable performance. The generalization performance and robustness of the improved algorithm were
better than the stacking model.
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Fig. 7. ROC of the four integrated classifiers.

Table 5

Coefficients of variation of each performance parameter in different classifiers.
classifier Accuracy Sensitivity Specificity Precision Fl-score AUC
ImAdaBoost 2.657 1.891 6.483 3.269 2.005 0.35
Stacking model 2.803 1.827 7.723 3.781 2.078 0.32

4.6. Classifier predictions for the new tests

In order to test the classifier in practice, a new set of test samples was collected. The samples consisted of 9 healthy individuals and
12 lung cancers. The classifier was constructed by randomly using 80% of the training data as the training set. To get more objective
results, 20 tests are randomly performed. The training samples were extracted randomly and independently in multiple tests. The
average classification discriminatory performance is shown in Table 6. The statistics of false positives and false negatives in 20 tests are
given in Fig. 8.

As can be seen from Fig. 8(a), the number of false negatives that occurred was smaller than that of the traditional AdaBoost al-
gorithm and the bagging model. The ability of the improved algorithm to detect lung cancer is comparable to the stacking algorithm.
However, the frequency of false positives is higher than that of the traditional AdaBoost algorithm and the stacking model, as shown in
Fig. 8(b). The improved algorithm has a weaker ability to detect healthy individuals. However, analyzing the fluctuation changes of
AUCG, as shown in Fig. 9, it can be found that the performance of the improved algorithm is more stable, with a coefficient of variation
of 1.72.

Probably due to the small number of test samples, the advantage of the improved algorithm in identifying lung cancer was not
reflected. In the next work, we will test the performance of the improved algorithm by obtaining more samples.

5. Discussion

The eNose device is a new diagnostic instrument developed in recent years, which can be applied in the fields of food testing,
environmental monitoring, and medical diagnosis. The device monitors and diagnoses human diseases by collecting VOCs in human
breath, which has the advantages of being non-invasive, simple operation, and low examination cost. However, due to the complexity
of human metabolism and the diversity of diseases, as well as the impact of different training samples on the performance of classifiers,
eNose has not been widely used clinically in disease detection. To improve the performance of the detection algorithm, researchers
have focused on three aspects: first, to improve the hardware acquisition equipment, find the characteristic gas related to diseases and
optimize the sensors; second, to steadily collect as many samples as possible to provide a basis for the universality of the algorithm;
third, to innovate and improve the algorithm to build a more intelligent and robust detection algorithm.

Differentiating and classifying the breath data of lung cancer patients and healthy individuals is the core work of intelligent lung

Table 6

Average performance in 20 tests (%).
accuracy Sensitivity Specificity Precision F1-score AUC
92.38 92.5 92.22 94.27 93.17 0.984
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cancer detection. The human metabolic mechanism analysis shows that lung cancer patients’ exhaled gas composition will change due
to the pathology [34]. However, the association of this information, which is implicit in the non-stationary exhalation signal, with the
disease is not very obvious. Therefore, it is not an easy task to tap the intrinsic link between the expiratory signal and the disease and
build a corresponding discriminative model. The acquisition of large data samples facilitates the construction of universally adapted
classifiers, but it is not easy. When the number of samples is certain, it is important to extract more features from the existing collected
sample waveforms. But, too many features may also lead to degradation of classification accuracy and slowdown of computation, so
optimization of features is also needed. In the study, the runtime of the classifier was greatly improved after sample feature optimi-
zation compared to the original feature set. The time for 20 runs was reduced from more than 2 h to about 7 min. In addition, it can also
be found from the experimental results in Section 4.2 that changing the feature optimization algorithm and the optimization dimension
results in significant differences in the performance of the classifier. However, only two feature optimization algorithms, PCA and GA,
were applied in the paper. Whether there are more convenient feature optimization algorithms (e.g., optimization algorithms that do
not require exploring the optimal feature dimensions) needs further investigation [35].
In the study, we focus the work on the design and construction of a high-performance classifier.
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An ImAdaBoost integrated learning algorithm was designed based on the traditional AdaBoost algorithm. In theory, in the two
AdaBoost algorithms, the sub-classifiers are weighted to combine as enhanced classifiers. However, the construction of their sub-
classifiers is different. In the ImAdaBoost algorithm, sub-classifiers were obtained based on the 5-fold evaluation and voting
method. And in the traditional AdaBoost algorithm, sub-classifiers were trained based on the samples extracted by the bootstrap
method.

To improve the performance of the classifier, we first used the integration idea to integrate the advantages of multiple machine
learning algorithms. For integrated classifiers, sub-classifiers are their important components. In the study, heterogeneous sub-
classifiers were constructed using six traditional machine learning algorithms. The integration process is also a process of continu-
ously reducing the error rate. This has been verified with the cardiovascular public data set. As shown in Table 2, the prediction
accuracy of the ImAdaBoost algorithm is better than that of the sub-classifiers. However, since only 12 attributes were collected in the
public dataset, this may have resulted in the overall performance of the algorithm not being very good. However, it can be found that
the sensitivity and specificity of this algorithm are weaker compared to some algorithms. However, its precision is optimal.

In identifying lung cancer patients and healthy individuals based on the breath signal, the algorithm has a somewhat lower
specificity relative to the stacking algorithm, but its sensitivity is greatly improved. The result is that lung cancer patients are less likely
to be missed, but healthy individuals are slightly more likely to be misdiagnosed. As an auxiliary screening tool, it is clearly more
important to reduce missed diagnoses and more meaningful to screening for disease. Of course, the reason for this phenomenon could
also be the small sample size of healthy people. The positive and negative samples are not balanced. In the next work, we will also
further test this idea by increasing the number of healthy individuals.

Besides, the performance of the classifier is closely related to training samples. Evaluating whether an algorithm is effective de-
pends not only on the performance but also on the stability of the algorithm [36,37]. To improve the robustness of the algorithm and
enhance the generalization performance of the classifier, a K-fold cross-validation approach was then used and several base classifiers
were trained with different data samples in turn to build a sub-classifier. Then in the study, the performance and stability of the
improved algorithm were analyzed more systematically and comprehensively, which is rare in previous studies. According to the
results of 100 random independent experiments, the stability of the classifier performance is even better than the stacking model, as
shown in Table 5 in Section 4.5.

In the available studies [38], the accuracy of using eNose to identify lung cancer is around 85%. In comparison, the algorithm
proposed in this paper greatly improves the ability of eNose to screen for lung cancer. However, the study in this paper can be further
improved, such as enhancing the sample size and sample type and collecting more comprehensive sample information.

To further improve the performance of the breath discrimination algorithm, in future research, we will devote the following study:
first, to conduct more collection of multicenter breath samples and reduce the impact of sample imbalance; second, to improve the
construction of a highly robust breath discrimination classification algorithm based on small samples and to improve the general-
ization ability of the algorithm [15,36]; and third, to try the combination of breath detection and other detection techniques to mine
multi-omics features to provide more meaningful sample features for the classification algorithm. Besides, we will also apply more
feature optimization algorithms, such as the Relief feature optimization algorithm, to optimize the features to improve the perfor-
mance of the classifier.

6. Conclusion

In the paper, we proposed an improved AdaBoost lung cancer breath algorithm based on integration and reinforcement theory for
the task of distinguishing lung cancer patients from healthy individuals’ breath samples by eNose. In the improved algorithm, a group
of k-base classifiers was first obtained by K-fold cross-validation based on a group of training samples, and then a sub-classifier is
obtained further by a voting method. When each sub-classifier was obtained, its weight coefficients would also be obtained syn-
chronously according to the training error, and the data distribution of the training samples would be adjusted. Moreover, more
heterogeneous sub-classifiers would be obtained based on multiple base classifier groups. Finally, these sub-classifiers were weighted
together to get an integrated enhanced classifier.

In general, the algorithm not only improved the classifier’s performance by integrating multiple heterogeneous classifiers, but also
improved the classifier’s generalization performance with k-fold cross-validation. Compared with the traditional algorithms, the al-
gorithm improves the performance of the classifier to correctly identify lung cancer and healthy individuals. The proposed algorithm
will help to promote the non-invasive lung cancer screening method by eNose, and promote the application of clinical disease auxiliary
examination method based on eNose. However, to improve the robustness of the method, feature optimization algorithms and
intelligent classification algorithms for small samples need to be further studied. To advance the algorithm to clinical applications,
more samples of more quantity and types need to be collected, and more tests and confirmatory experiments need to be carried out.
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