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a b s t r a c t 

Early diagnosis has been proved to improve survival rate of lung cancer patients. The availability of blood-based 
screening could increase early lung cancer patient uptake. Our present study attempted to discover Chinese 
patients’ plasma metabolites as diagnostic biomarkers for lung cancer. In this work, we use a pioneering interdis- 
ciplinary mechanism, which is firstly applied to lung cancer, to detect early lung cancer diagnostic biomarkers 
by combining metabolomics and machine learning methods. We collected total 110 lung cancer patients and 43 
healthy individuals in our study. Levels of 61 plasma metabolites were from targeted metabolomic study using LC- 
MS/MS. A specific combination of six metabolic biomarkers note-worthily enabling the discrimination between 
stage I lung cancer patients and healthy individuals (AUC = 0.989, Sensitivity = 98.1%, Specificity = 100.0%). 
And the top 5 relative importance metabolic biomarkers developed by FCBF algorithm also could be potential 
screening biomarkers for early detection of lung cancer. Naïve Bayes is recommended as an exploitable tool for 
early lung tumor prediction. This research will provide strong support for the feasibility of blood-based screening, 
and bring a more accurate, quick and integrated application tool for early lung cancer diagnostic. The proposed 
interdisciplinary method could be adapted to other cancer beyond lung cancer. 
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In worldwide, lung carcinoma is the leading cause of cancer death
n the past few decades. In January 2019, National Central Cancer Reg-
stry of China (NCCRC) released its latest nationwide tumor statistics
f population-based tumor registry data gathered from 368 tumor reg-
stries in 2015. According to this report, lung cancer ranks top for its
ncidence among malignant tumors in China. What’s more, the 5-year
urvival rate for patients with lung tumors was low which is at 18%.
owever, the survival rate can increase to approximately 55% if early
iagnosis of lung cancer was achieved. Moreover, it has been reported
he early stage patients who received proper treatment could have a 5
ear survival rate around 40% [1] . Unfortunately, over 70% patients are
iagnosed when their tumor are developed to the advanced stages, and
ost of them are not suitable for receiving operation [2] . This is partly
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elated with the early stage diagnostic methods which are still not sensi-
ive and specific enough. Therefore, it appears to be an important step to
nd out the cogent and powerful diagnostic biomarkers of lung cancer,
articularly for the diagnosis of early lung tumor progression. 

Metabolomics study have been used to recognize the metabolic path-
ays and metabolites that regulate tumor progression and physiological

unction [3-5] . Metabolomics could provide the information of cellular
etabolic processes that drive tumorigenesis and tumor progression.
hese metabolites also could be helpful for distinguishing the tumor
tage, histological types, and even the response to drug treatment [6] .
hese changes in metabolite pattern had be used to evaluate the clinical
haracteristics of colorectal tumor [7] , ovarian tumor [8] , renal tumor
9] , oral tumor [10] , and pancreatic tumor [11] . Even so, for lung can-
er, more specific and sensitive biomarkers were needed to be revealed
ith metabolic analysis. 
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Artificial intelligence (AI) is the competence for machines to imi-
ate human behavior, which is extremely adept at handling extensive
mounts of data. Machine learning is the application of AI, which al-
ows computer systems could be trained automatically from experience
ithout explicitly programmed [12] . Fundamentally, machine learning
eans learning from the practice of using algorithms to parse data, and

hen making a prediction or decision about the future situation of any
ew data sets [13] . In cancer, machine learning has already been used to
xplore survival and prognostic prediction models in pancreatic cancer,
ladder cancer, advanced nasopharyngeal carcinoma and breast cancer
14-17] . In some cases, their performance had attained comparable to
hat of human experts [18] . Machine learning models could be seemed
s an approach of designing the model by learning from experience and
mproving its performance [19] . These models aim at finding out ef-
ective variables and the relationship between them. Over the past few
ears, the field of AI has moved from largely theoretical studies to real-
orld applications [20 , 21] . The application of AI in several domains is
ow associated with great expectations and at the same time exists a
reat vacancy in cancer research especially lung cancer. 

In this study, the major aim of metabolomics research on lung can-
er was to discover clinical metabolic biomarkers that had representa-
ive alterations between lung tumor patients and healthy individuals.
oreover, we also focused on biomarkers for distinguishing each histo-

ogical subtypes and disease stages, especially for early stages. For the
rst time, based on the plasma metabolite features, we applied machine

earning to develop the diagnostic model for early stages of lung cancer.

aterials and methods 

atients and groups 

A total of 110 patients and 43 healthy individuals of the Hubei Taihe
ospital were included in this study. The Institutional Review Board of
aihe Hospital, Hubei University of Medicine approved the study in-
olving patients and healthy individuals. All individuals have written
nformed consent prior to participation in the investigation, with per-
ission of sample collection, usage and data analysis. Final diagnosis
as ascertained by clinical symptoms and histopathological examina-

ion of operative specimens. According to the TNM staging system, pa-
ients were classified as stage I ( n = 54) stage II ( n = 31), stage III ( n = 25).
ased on the WHO classification of tumors [22] , the tumors have been
lassified as adenocarcinomas ( n = 63), squamous carcinomas ( n = 41)
nd other histological types ( n = 6). 

argeted metabolomic study using LC-MS/MS 

Targeted metabolomic study was performed with previous reported
C-MS methods [23 , 24] . In brief, plasma samples (200 𝜇L) were thawed
n ice, mixed with N-ethylmaleimide PBS buffer (10 mM, 200 𝜇L) and
000 𝜇l of methanol containing 10 ng/ml internal standards (IS) Phe-
5.The mixed solution then incubated 20 mins at − 20 °C and cen-
rifuged at 13,000 rpm for 10 min at 4 °C. The supernatants were dried
nder nitrogen flow at 4 °C and reconstituted with 30% methanol for
C-MS analysis. 

The chromatographic separation was carried out with a Waters X
ridge TM BEH C18 analytical column (2.5 𝜇m, 3.0 × 100 mm; Waters,
orrance, CA) using a Waters ACQUITY UPLC coupled with a 4000
-TRAP mass spectrometer. The mobile phase was composed of 0.1%

ormic acid water (solvent A) and methanol (solvent B) which was run-
ing in a gradient program: 0–3.0 min (0%–1% B); 3.0–10.0 min (1–
% B); 10.0–14.0 min (3–50% B); 14.0–18.0 min (50–95% B); 18.0–
2.0 min (95–0% B); followed by a 3-min re-equilibration step. The flow
ate was 0.6 ml/min, and 10 𝜇l were injected in LC-MS. The mass spec-
ra were acquired in both the negative and positive ion voltage modes
or electrospray (ESI) with the following parameters: gas temperature,
50 °C; the ion spray voltage, ± 4500 V; ion source gas 1 (nebulizer gas)
0 psi (N2); ion source gas 2 (auxiliary gas), 40 psi (N2); curtain gas:
0 psi. Targeted MS/MS (MRM) mode were used with the collision en-
rgy ranging from 10 V to 40 V. All LC-MS data were obtained by AB An-
lyst Software (Version 1.6.2). The intensity of each ion was normalized
o the peak area of IS prior to multivariate statistical analysis. For the
etabolomic assay, principal component analysis (PCA) and orthogonal
rojection to latent structures discriminant analysis (OPLS-DA) analysis
ere analyzed with SIMCA-p14 software (Umetrics AB, UMEÅ, Sweden)

or tested groups. Variables were screened by VIP values first, and val-
es exceeding 1 were considered eligible for group discrimination. The
elected metabolites were further confirmed by a between normal con-
rol and disease control with P-value less than 0.05. MetaboAnalyst 3.0
as used for integrated analysis, pathway impact and enrichment. 

tatistical analysis 

All statistical data were analyzed by using SPSS Statistics 22.0 (SPSS,
hicago, IL, United States), GraphPad Prism 8.0 (GraphPad Software,
a Jolla, CA, United States), TBtools v0.6735 [25] and Orange software
.23 [26] . Receiver operating characteristic (ROC) curve analysis was
stablished to evaluate the diagnostic performance of metabolites. P val-
es < 0.05 was considered statistically significant. 

achine learning methods 

The six machine learning techniques of K-nearest neighbor (KNN),
aïve Bayes, AdaBoost, Support Vector Machine (SVM), Random Forest,
nd Neural Network with 10-cross fold technique were used for the early
ung tumor prediction based on the metabolomic biomarkers features.
VM, which is the classification algorithm, intends to invent a decision
oundary between two categories that enables the prediction of labels
rom feature vectors [27] . K-nearest-neighbor (KNN) is the preferred
election when there is tiny prior knowledge of data, which is elemen-
ary and plain nonparametric method for classification [28] . Random
orest is an ensemble tree method that trees are grown by binary re-
ursive splitting of right-censored data [29] . Naïve Bayes is a statistical
lassifier, which was used to predict class membership probability [30] .
t hypothesizes all variables participate in classification independently
nd provides the result for prediction [31] . Neural Network purposes to
imulate the neuron and human brain. The artificial neuron of Neural
etwork uses particular input features to assign suitable mathematical
eights that are eventually able to predict some output object [32] . 

80% samples including stage I lung tumor patients ( n = 43) and
ealthy individuals ( n = 35) were selected by stratified sampling from
ach group as the training set to uniformly train the models. The rest
0% samples including stage I lung cancer patients ( n = 11) and healthy
ndividuals ( n = 8) making up the test set were used for evaluation. The
raining set was used to generate the prediction model that could predict
he diagnosis of the test set. To test and compare the models, sensitivity,
pecificity, precision, classification accuracy, and AUC (area under the
urve) value from each model were used to measure the performance.
he sensitivity, specificity, and classification accuracy values were ob-
ained from true negative (TN), false negative (FN), true positive (TP),
nd false positive (FP). The following terms are essential information of
hem: 

TP = Lung tumor patients correctly diagnosed as patients. 
FP = Healthy individuals incorrectly identified as patients. 
TN = Healthy individuals correctly identified as healthy. 
FN = Lung tumor patients incorrectly identified as healthy. 

esults 

etabolic biomarkers for detection of early lung tumor 

Our studies aim to identify metabolites that could act as promising
iomarkers for distinguishing lung tumor patients with healthy individ-
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Fig. 1. Heatmap depicting the metabolomic biomarker levels of Stage I lung tumor patients ( n = 54) and healthy people ( n = 43). Stage I lung tumor patients and 
healthy people were grouped by hierarchical clustering of metabolomic biomarker levels. 
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als, disease stages as well as pathological patterns with high sensitivity
nd specificity. Firstly, stage I lung cancer patients ( n = 54) and healthy
ndividuals ( n = 43) were separated by using unsupervised hierarchical
lustering with heat map shown in Fig. 1. Through Mann–Whitney U
est, 46 influential metabolic biomarkers ( Fig. 2 A and Table S1) showed
tatistically significant difference ( p-value < 0.05) among 61 metabolites.
ncreased levels of l -Leucine, l -Valine, serine and other 25 metabolites
ere observed in stage I lung cancer patients compared to healthy in-
ividuals. Moreover, fumaric acid, citric acid, PC (36:4), and other 15
etabolites were downregulated in stage I lung cancer patients com-
ared to healthy controls. These 46 influential metabolites are potential
arkers for pre-clinical screening of lung tumor. 

Next, these 46 influential metabolic biomarkers were applied to con-
truct ROC curves. Based on the AUC (area under the ROC curve) value,
ensitivity and specificity, top 10 metabolic biomarkers with higher di-
gnostic value (AUC > 0.800) were showed in Table 1 and Fig. S1. In
ddition, PCA (principal component analysis) with these 10 metabolites
evealed a clear separation between stage I lung tumor patients and
ealthy individuals ( Fig. 2 B and Table S2). In the comparison between
tage I lung tumor patients and healthy individuals, proline showed the
est AUC value of 0.923 (95% CI: 0.871–0.975), with a sensitivity of
9.6% and specificity of 93.0% at the cut off value of 24.350. 

Moreover, the potential combination schemes of metabolic biomark-
rs based on logistic regression analysis were carried out to en-
ance the sensitivity and accuracy of diagnostic of early stages
f lung cancer. As shown in Table 1 , Table S3 and Fig. 2 C, the
ombination of six variables (metabolites) remarkably enhanced the
UC to 0.989 (95% CI: 0.967–1.000, Sensitivity = 98.1%, Speci-
city = 100.0%). The metabolites used included proline, l -kynurenine
AUC = 0.825, Sensitivity = 85.2%, Specificity = 72.1%), spermidine
AUC = 0.890, Sensitivity = 81.5%, Specificity = 90.7%), amino-hippuric
cid (AUC = 0.811, Sensitivity = 68.5%, Specificity = 93.0%), palmitoyl-
 -carnitine (AUC = 0.906, Sensitivity = 74.1%, Specificity = 100.0%)
nd taurine (AUC = 0.920, Sensitivity = 88.9%, Specificity = 95.3%).
hese results indicated that 6 metabolic biomarkers could act as a
romising combination for early detection of lung tumor. 

etabolic biomarkers for disease progression 

In addition, we were also interested in the alteration of metabolites
n different stages. To identify the metabolites level changes with tu-
or stage progress, Kruskal–Wallis test was applied. Fig. 3 A showed the
0 metabolites which showed significant difference in stage I ( n = 54),
tage II ( n = 31), stage III ( n = 25) lung tumor patients and healthy indi-
iduals ( n = 43). Although there was statistically significant difference
etween lung tumor patients and healthy individuals (Fig. S2 and Table
4), the metabolic biomarkers showed poor performance for discrimi-
ation of stage I, II, and III patients with lung cancer ( Fig. 3 B–D, Table
5 and Table S6). Both of non-parametric test and receiver operating
haracteristic curves suggested the continuous abnormal expression in
ung cancer patients compared with healthy individuals. 
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Fig. 2. Metabolic biomarkers for detection of early lung tumor and evaluation of different histological types. (A) 46 influential metabolomic biomarkers with 
statistical significance of Stage I lung tumor patients (mean value with SD). Through Mann–Whitney U test, 46 influential metabolic biomarkers showed statistically 
significant difference ( p -value < 0.05) among 61 metabolites. (B) PCA of 10 metabolomic biomarkers in early lung tumor detection. It revealed a clear separation 
between stage I lung tumor patients and healthy individuals. (C) ROC curve of metabolomic biomarkers and combined variates in early lung tumor detection. The 
combination of six variates included proline, l -kynurenine, spermidine, amino-hippuric acid, palmitoyl- l -carnitine and taurine. (D) ROC analysis of metabolomic 
biomarkers and combined variates of adenocarcinoma ( n = 63) and squamous carcinoma ( n = 41) patients. The combination of four variates included hypoxanthine, 
l -Kynurenine, proline and Carnitine. SD, standard deviation. PCA, principal component analysis. ROC, receiver operating characteristic. 
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etabolic biomarkers for evaluation of different histological types 

For lung cancer histological type prediction, particularly the
istinction between squamous carcinoma and adenocarcinoma, it
s a significant diagnostic requirement in clinical practice. Several
linical studies have demonstrated that tumor histological type dif-
ering toxicity and efficacy of treatment [33] . Tumor histological
ypes identification will be helpful for improving the treatment effi-
iency. We applied the metabolites from the adenocarcinoma ( n = 63)
nd squamous carcinoma ( n = 41) patients to construct ROC curves
nd performed Mann–Whitney U test. There were only 2 influential
etabolites identified between adenocarcinoma and squamous car-

inoma, including hippuric acid ( p-value = 0.029) and hypoxanthine
 p-value = 0.017). In the ROC analysis (Fig. S3), hypoxanthine showed
he AUC value of 0.639 (95% CI: 0.531–0.746), with a sensitivity of
9.8% and specificity of 56.1% at the cut off value of 0.092. And the
ippuric acid showed the AUC value of 0.628 (95% CI: 0.519–0.737),
ith a sensitivity of 49.2% and specificity of 77.5% at the cut off
alue of 2.620. As shown in Fig. 2 D and Table 1 , the combination
f four variates enhanced the AUC to 0.740 (95% CI: 0.644–0.837,
ensitivity = 58.7%, specificity = 78.0%), including hypoxanthine,
 -Kynurenine (AUC = 0.423, sensitivity = 77.8%, specificity = 24.4%),
roline (AUC = 0.580, sensitivity = 54.0%, specificity = 65.9%) and
arnitine (AUC = 0.536, sensitivity = 38.1%, specificity = 75.6%). These
esults indicated metabolic biomarkers showed poor performance on
istinguishing different lung tumor histological types in our study,
ince all AUC values < 0.800 with poor sensitivity and specificity. 

tilization of machine learning methods 

To develop the early lung tumor prediction model, we consid-
red six machine learning techniques: K-nearest-neighbor (KNN),
aïve Bayes, AdaBoost, Support Vector Machine (SVM), Random
orest, and Neural Network ( Fig. 4 A). The training set of stage I
ung tumor patients ( n = 43) and healthy individuals ( n = 35) was
sed to develop machine learning models based on the metabolic
iomarker features. Using Orange 3.23 platform, there were 61 kinds
f metabolites used as features to develop the machine learning
odels. To determine which model would provide the most precise
redictions on the lung tumor metabolomics data, the sensitivity,
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Table 1 

ROC analysis of metabolomic biomarkers and combined variates. 

AUC Std. error Asymptotic 95% confidence interval Optimal cut off Sensitivity Specificity Youden index 

Lower bound Upper bound 

ROC analysis of metabolomic biomarkers and combined variates in early lung tumor detection. 

L-Kynurenine 0.825 0.043 0.740 0.909 0.975 85.2% 72.1% 0.573 

Proline 0.923 0.026 0.871 0.975 24.350 79.6% 93.0% 0.727 

Spermidine 0.890 0.035 0.821 0.958 7.195 81.5% 90.7% 0.722 

Amino-hippuric acid 0.811 0.045 0.722 0.900 4.035 68.5% 93.0% 0.615 

Palmitoyl- l -carnitine 0.906 0.032 0.843 0.969 3.655 74.1% 100.0% 0.741 

Taurine 0.920 0.032 0.856 0.983 71.300 88.9% 95.3% 0.842 

Phenylalanine 0.848 0.038 0.774 0.922 125.500 79.6% 76.7% 0.564 

L-Valine 0.876 0.036 0.806 0.946 167.000 68.5% 95.3% 0.639 

o-Tyr 0.822 0.043 0.738 0.906 24.650 83.3% 72.1% 0.554 

Carnitine 0.848 0.040 0.769 0.926 4.680 72.2% 93.0% 0.652 

Combination of two 0.933 0.028 0.878 0.978 0.337 85.2% 93.0% 0.782 

Combination of three 0.968 0.019 0.931 1.000 − 0.147 94.4% 97.7% 0.921 

Combination of six 0.989 0.011 0.967 1.000 − 0.102 98.1% 100.0% 0.981 

ROC analysis of metabolomic biomarkers and combined variates of adenocarcinoma and squamous carcinoma patients. 

L-Kynurenine 0.423 0.060 0.306 0.540 1.050 77.8% 24.4% 0.022 

Proline 0.580 0.057 0.469 0.692 35.150 54.0% 65.9% 0.198 

Carnitine 0.536 0.058 0.422 0.650 6.835 38.1% 75.6% 0.137 

Hypoxanthine 0.639 0.055 0.531 0.746 0.092 69.8% 56.1% 0.259 

Hippuric acid 0.628 0.056 0.519 0.737 2.620 49.2% 77.5% 0.267 

Combination of four 0.740 0.049 0.644 0.837 0.556 58.7% 78.0% 0.368 

Abbreviations: ROC,receiver operating characteristic; AUC, area under the curve. 

Table 2 

Machine learning models used for early lung tumor detection based on the metabolomic biomarker features. 

TP FP TN FN Classification accuracy Sensitivity Specificity AUC Precision 

Training 

set 

KNN 38 0 35 5 0.936 0.884 1.000 1.000 0.944 

SVM 43 2 33 0 0.974 1.000 0.943 1.000 0.975 

Random Forest 41 0 35 2 0.974 0.953 1.000 1.000 0.976 

Neural Network 43 0 35 0 1.000 1.000 1.000 1.000 1.000 

Naïve Bayes 43 0 35 0 1.000 1.000 1.000 1.000 1.000 

AdaBoost 38 4 31 5 0.885 0.884 0.886 0.885 0.885 

Test 

set 

KNN 9 0 8 2 0.895 0.818 1.000 1.000 0.916 

SVM 10 0 8 1 0.947 0.909 1.000 1.000 0.953 

Random Forest 11 2 6 0 0.895 1.000 0.750 1.000 0.911 

Neural Network 10 0 8 1 0.947 0.909 1.000 1.000 0.953 

Naïve Bayes 11 0 8 0 1.000 1.000 1.000 1.000 1.000 

AdaBoost 4 0 8 7 0.632 0.364 1.000 0.682 0.804 

Abbreviations: AdaBoost, Adaptive Boosting; SVM, support vector machines; KNN, k-nearest neighbor; TN, true negative; FN, false negative; TP, true positive; FP, 
false positive; AUC, area under the curve. 
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pecificity, precision, classification accuracy, and AUC value of six
achine learning models were assessed (Supplementary methods).
ith the best value in each evaluation is highlighted in Table 2 .

n training set, Naïve Bayes and Neural Network indicated bet-
er results in comparison with other techniques (KNN, AdaBoost,
VM, and Random Forest). The precision, classification accuracy,
pecificity, sensitivity and the AUC value of Naïve Bayes and Neural
etwork are 100.0%. AdaBoost machine learning technique showed
oor performance (precision = 0.885, classification accuracy = 0.885,
pecificity = 0.886, sensitivity = 0.884, and AUC = 0.885). 

Subsequently, we used our trained diagnostic machine learning mod-
ls to classify the test set that consisted of stage I lung cancer patients
 n = 11) and healthy individuals ( n = 8) to evaluate its performance. As
hown in Table 2 , the Naïve Bayes model showed the best performance
n all evaluation parameters. The specificity of Naïve Bayes, Neural Net-
ork, KNN, AdaBoost, and SVM was 1.000, which means good predic-

ion power against healthy individuals. For overall quality of predic-
ion, AUC of Naïve Bayes, Neural Network, KNN, Random Forest, and
VM were 1.000. The sensitivity of Naïve Bayes and Random Forest
as 1.000, SVM and Neural Network was 0.909, which means little FN

false negative) scale. In medical situation, FN scale is more important
han FP (false positive) [34] . Consequently, these four models (Naïve
ayes, Random Forest, SVM and Neural Network) were appropriate for
iagnosis of early lung tumor. In classification accuracy, Naïve Bayes
odel has a 1.000 rate with SVM and Neural Network models of 0.947.
ll of three models have enough accuracy that could be used for med-

cal application. Naïve Bayes is a simple probabilistic classifier based
n applying the Bayes’ theorem with strong independence and normal-
ty assumptions between the variables [35] . It is one of the most valid
achine learning algorithms with strong independence and normality

ssumptions between features, which has been widely employed for the
rediction [36] . Given the above, our study testified that Naïve Bayes
as the best model with the highest level of sensitivity, specificity, and
ccuracy. Therefore, Naïve Bayes is recommended as an exploitable tool
or early lung tumor prediction. 

The Fast Correlation-Based Filter (FCBF) algorithm is a supervised
ethod, which is based on information theory [37] . It takes both iden-

ifying correlated features for classification and eliminating redundant
eatures into account [38] . Based on the symmetrical uncertainty (SU),
CBF ranks features in descending order of correlation and casts off
hose redundant features that are less correlated [39] . Consequently,
he optimal correlated and non-redundant features subset is acquired.
t could maximize the diagnostic potential of the extractable informa-
ion. The relative importance of a metabolic biomarker feature is de-
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Fig. 3. Metabolomic biomarkers changes with tumor stage progress. (A) It showed the levels of 10 metabolites which showed significant difference in stage I ( n = 54), 
stage II ( n = 31), stage III ( n = 25) lung tumor patients and healthy individuals ( n = 43). (B) ROC curve of metabolomic biomarkers of stage I ( n = 54) lung tumor 
patients. (C) ROC curve of metabolomic biomarkers of stage II ( n = 31) lung tumor patients. (D) ROC curve of metabolomic biomarkers of stage III ( n = 25) lung 
tumor patients. ROC, receiver operating characteristic. 
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eloped using the Fast Correlation-Based Filter (FCBF) algorithm. All
etabolites features were ranked and scored according to their abil-

ty to discern the classification label of an object (Table S7). According
o the ranking, top 8 metabolic biomarkers were used to develop the
achine learning models, respectively. Table S8 and Fig. S4 showed

hat AUC values changed with the number of variates. When the top 5
ariates including taurine, Palmitoyl- l -carnitine, proline, 2-DG, and PE
36:4) were used as metabolites features, prediction model showed the
xcellent performance which was similar with previous models. There-
ore, these 5 metabolic biomarkers could be potential candidates for pre-
linical screening of lung cancer. Then based on the results of logistic
egression analysis, the combination of top three variates including tau-
ine, Palmitoyl- l -carnitine, and proline, showed the AUC value of 0.968
95% CI: 0.931–1.000), with a sensitivity of 94.4% and specificity of
7.7% in classical analysis ( Table 1 ). 

To validate diagnosis performance of machine learning models and
emonstrate the specificity of metabolic biomarker features of early lung
ancer patients found in our study, we performed a control experiment
40] . We created a scrambled training set that correctly labeled train-
l  
ng set was replaced with a training set where the labels were randomly
ssigned. As expected, the accuracy of our machine learning models
arkedly dropped, which is equivalent to randomly choosing, show-

ng no predictive value and validating the specific predictive signature
f metabolic biomarker features ( Fig. 4 B). 

iscussion 

Lung cancer is the worldwide leading cause of cancer-related mortal-
ty, which early diagnosis could improve survival rate. However, high-
isk people are generally recommended annual radiologic screening by
ow-dose computed tomography (LDCT) [41] , which is also the one and
nly way of the clinically lung cancer detection at present. Due to the
ignificant cost and high false-discovery rate [42] , fulfillment of CT
creening is unsatisfactory. Therefore, the availability of blood-based
creening could increase lung cancer patient uptake, including plasma
etabolic biomarkers detection. Our present study attempted to dis-

over Chinese patients’ plasma metabolites as predictive biomarkers for
ung cancer diagnosis. In this work, we use a pioneering interdisciplinary
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Fig. 4. Machine learning was applied to develop the diagnostic model for early stages of lung cancer. (A) Machine learning applications build early lung tumor 
prediction models. (B) To validate diagnosis performance of machine learning models and demonstrate the specificity of metabolic biomarker features of early lung 
cancer patients found in our study, we created a scrambled set that showed no predictive value. AUC, area under the curve. AdaBoost, Adaptive Boosting. SVM, 
support vector machines. KNN, k-nearest neighbor. 
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3  
echanism, which is firstly applied to lung cancer, to detect early lung
ancer diagnostic biomarkers by combining metabolomics and machine
earning methods. The highly sensitive and accurate metabolomics tech-
ology and machine learning methods bring novelty to our work com-
ared with previous study that used miRNAs as biomarkers for early
ung cancer diagnostic. 

Main previous studies of breast cancer, prostate cancer and other
ancers have screened miRNAs as biomarkers for distinguishing cancer
atients and different tumor subtypes [43] . Nevertheless, miRNA screen-
ng has its limitation, such as high cost and technical monopolization
44] . Then, clinical usual tests of blood antigen CEA, CA125, SCC, etc.
till meets the problem of low sensitivity and low accuracy [45] . At the
ame time, small biopsy specimen means trauma and false negative as
he limited section site [46] . In our present study, we focused on seeking
ut metabolic biomarkers as early stage lung cancer diagnostic biomark-
rs. Herein, we identified a new range of metabolites by determining
heir plasma profiles in patients prior to lung tumor clinical diagnosis.
rom 61 kinds of metabolites, we found 10 metabolic biomarkers could
ct as the promising biomarker for early detection of lung tumor. Partic-
larly, the combination of six variates remarkably enhanced the AUC to
.989 with sensitivity of 98.1% and specificity of 100.0%, which has not
een reported so far. According to these results, we recommended the
pecific combination of these six metabolites as screening biomarker for
arly detection of lung tumor. We believe that this finding could allow
s to develop a specific, sensitive, and minimally invasive implement
or early lung tumor prevention and prediction. 

To date, machine learning approaches, which provide a promising al-
ernative to classical data analysis methods, have been utilized in varied
iomedical applications, including drug discovery [47] , and biomarker
evelopment [48] . Rather than conventional types of data analysis re-
uiring prior awareness of biological dependencies, machine learning
ould improve diagnostic capability through abundant and high-quality
ata. One team collected 23 items of demographic data and tumor-
elated parameters of 102 cervical cancer patients who had undergone
adical hysterectomy for treatment, and investigated diverse machine
earning models to predict 5-year survival rate in patients [49] . Another
roup made use of 2267 women colposcopy findings and human papil-
omavirus (HPV) biomarkers to develop a clinical decision support scor-
ng system using artificial neural networks for cervical intraepithelial
eoplasia patients, in which showing the ANN predicted with higher
ccuracy compared to cytology with or without HPV test [50] . More-
ver, it has been proved the possibility to excavate serum microRNA
anel as a potential biomarker for the detection of gastric cancer by
achine learning [51] . Six types of machine learning techniques were
sed to select three biomarkers (miR-21-5p, miR-29c-3p, and miR-22-
p) from the published miRNA profiling study (GSE23739). Herein, we
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rstly used metabolic biomarkers as machine-learning features for lung
ancer diagnosis, and the obtained results were analyzed and discussed.
he top 5 relative importance metabolic biomarkers (taurine, Palmitoyl-
 -carnitine, proline, PE (36:4) and 2-DG), which were developed by
CBF algorithm, could be potential candidates for pre-clinical screen-
ng of lung cancer. In this study, several machine learning models were
pplied and compared, which were evaluated by test set and control ex-
eriment ( Fig. 4 B and Table 2 ). It leads to greatest assessment values
n Naïve Bayes, but it also leads to decent assessment values on Neu-
al Network, and SVM. As standalone screening models, high sensitivity
ould be desirable to minimize false positives. As shown in Table 2 ,
aïve Bayes, Random Forest, Neural Network, and SVM models with
igh sensitivity have dependable and stable potential for early lung tu-
or prediction. Furthermore, specificity thresholds set in the training set
erformed similarly when applied to the test set, indicating that mod-
ls are well calibrated. The specificity threshold of Naïve Bayes, Neural
etwork, and SVM models defined in the training set achieved a similar

pecificity in the test set. Given the above of our study, Naïve Bayes,
eural Network, and SVM, based on the metabolic biomarker features,
ay be conducive for the diagnosis of early lung tumor. These results
rovided strong support for the feasibility of blood-based screening bas-
ng on metabolomics technology and machine learning for early lung
ancer diagnostic. 

Cancer progression is strongly related to cellular metabolism, and the
ysregulated metabolism is conducive to tumor progression and initia-
ion [52] . Cancer cells change their metabolic pathways, which request
pecific enzymes to catalyze biochemical reactions, to meet the growing
eed of the rapid cell reproduction and division. Metabolites, including
etabolic biomarkers for lung cancer diagnosis found in our study, have

unctions related to tumorigenesis and tumor progression. Proline dehy-
rogenase (PRODH), which catalyzes the first step of proline degrada-
ion, is activated by lymphoid-specific helicase (LSH) to decrease proline
evels [53] . Proline catabolism relating PRODH has been shown could
ither promote tumor survival through ROS-induced autophagy or ATP
roduction, or as tumor suppressor to initiate ROS-mediated apopto-
is depending on the tumor microenvironment [54 , 55] . One team re-
ent study found that PRODH promotes lung cancer tumorigenesis by
liciting the expression of IKK 𝛼-dependent inflammatory genes and ep-
thelial to mesenchymal transition (EMT) [56] . High levels of l - kynure-
ine could provide a microenvironment for lung tumor growing through
nitiating T-cell apoptosis, inhibiting T-cell proliferation and leading to
mmune tolerance [57 , 58] . Spermine N1-acetyltransferase (SSAT) is the
ivotal protein involved in the homeostasis and synthesis of the spermi-
ine [59] . Spermidine/SSAT is the rate-limiting step in the catabolism
f polyamines, which play particular role in maintaining the mem-
rane potential and regulating cell volume [60 , 61 ]. Recent studies
ave reported that SSAT is upregulated in lung cancer [62] . 2-Deoxy-
 -glucose (2DG), a glucose analogue, is converted to 2-DG-P by hex-
kinase. 2-DG-P cannot be metabolized but it could allosterically sup-
ress hexokinase, which is the rate-limiting enzyme of glycolysis [63] .
n account of blocking glycolysis, 2-DG influences in various biologi-
al processes. It could inhibit N-linked glycosylation, increases oxida-
ive stress, and efficiently suppresses cell growth and invasion [64] .The
mino acid 2-aminoethanesulfonic acid, commonly known as taurine,
as widespread physiological effects and was confirmed as the endoge-
ous anti-injury material [65] . It could up-regulate the expression of N-
cetyl galactosaminyl transferase 2, down-regulate the expression of ma-
rix metalloproteinase-2, and inhibit the potential invasion and metas-
asis [66] . Previous studies have proposed that changes of taurine levels
ould be used to predict the malignant transformation and formation of
reast, bladder and colorectal tumors [67 –69] . 

Recently, on March 2020, Chabon et al. used integrating genomic
eatures for non-invasive early lung cancer detection [70] , which ini-
ially demonstrated machine learning method could be used for lung
ancer detection. Based on cell-free DNA (cfDNA) features, researchers
eveloped and prospectively validated a machine-learning method
ermed ‘lung cancer likelihood in plasma’ (Lung-CLiP), which could dis-
riminate early lung cancer patients from controls. During screening
est, they observed sensitivities of 63% stage I lung cancer patients with
0% specificity. Compared with Naïve Bayes, Neural Network, and SVM
odels basing on the metabolic biomarkers as features developed in our

tudy, the sensitivity and specificity are > 85%. Although our machine
earning models is less accurate than LDCT, this strategy could poten-
ially increase the total number of patients screened. As this strategy
rogresses into clinical trial, abundant sample data will allow for im-
rovement of performance by using more progressive machine-learning
lgorithms. 

On the other hand, our current study still has several limitations.
irst, our analysis was built on data from single healthcare institution
f finite geographic region. And non-small cell lung cancer excepted,
he number of patients with other types of lung cancer was inade-
uate. Therefore, further confirmatory studies at other institutions are
ecessary prior to implementation. Second, our data only included
he metabolites level. More information of lung tumor patients and
ealthy individuals, such as age, history of smoking, the concurrent
umor diagnosis, and past medical history, would be helpful for further
tudy. We propose that integration of plasma metabolic biomarkers
ith CT screening or other lung tumor features could further improve
erformance. 

In any case, we need to figure out a proper method to apply this strat-
gy in clinical practice, such as combined with electronic chips system
n order to make the plasma tests and model application in an assem-
ly line. One potential application of our study could be served as a
remier screening for some of the lung cancer patients. In despite of
eing candidates for LDCT as high-risk people, these patients are not
eing screened due to the concerns with false positives, limited access
nd other limited reasons. Then patients who show positive tests would
hen be referred to LDCT screening. Additionally, by modifying the ma-
hine learning methods and incorporating features appropriate for other
ancer types, we expect that it could be feasible to develop strategy
ombining metabolomics and machine learning for a diverse range of
alignancies diagnosis. 

onclusions 

A pioneering interdisciplinary method was proposed in this study
o detect early lung cancer diagnostic biomarkers by combining
etabolomics and machine learning methods. Metabolic biomarkers
emonstrate significant diagnostic strength for early detection of lung
umor. 
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