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Abstract

Objective: Development of biofluid-based biomarkers is attractive for the diagno-
sis of chronic obstructive pulmonary disease (COPD) but still lacking. Thus, here we
aimed to identify serum metabolic biomarkers for the diagnosis of COPD.

Methods: In this study, we investigated serum metabolic features between COPD
patients (n = 54) and normal individuals (n = 74) using a IH NMR-based metabolomics
approach and developed an integrated method of least-squares support vector ma-
chine (LS-SVM) and serum metabolic biomarkers to assist COPD diagnosis.

Results: We observed a hypometabolic state in serum of COPD patients, as indicated
by decreases in N-acetyl-glycoprotein (NAG), lipoprotein (LOP, mainly LDL/VLDL),
polyunsaturated fatty acid (pUFA), glucose, alanine, leucine, histidine, valine, and lac-
tate. Using an integrated method of multivariable and univariate analyses, NAG and
LOP were identified as two important metabolites for distinguishing between COPD
patients and controls. Subsequently, we developed a LS-SVM classifier using these
two markers and found that LS-SVM classifiers with linear and polynomial kernels
performed better than the classifier with RBF kernel. Linear and polynomial LS-SVM
classifiers can achieve the total accuracy rates of 80.77% and 84.62% and the AUC
values of 0.87 and 0.90 for COPD diagnosis, respectively.

Conclusions: This study suggests that artificial intelligence integrated with serum

metabolic biomarkers has a great potential for auxiliary diagnosis of COPD.
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1 | INTRODUCTION

Chronic obstructive pulmonary disease (COPD) is a preventable
and treatable disease characterized by persistent respiratory
symptoms and airflow limitation.! Chronic obstructive pulmo-
nary disease has become the third leading cause of death in the
world and causes considerable economic and social burdens due
to insufficient diagnosis and treatment.?® Currently, spirometry is
still a common method for diagnosing and monitoring progression
of COPD according to the presence of chronic airflow limitation.
Many factors may affect COPD diagnosis and lead to under- and
over-diagnosis4; therefore, it is of great importance to develop
other adjunctive measures, especially biofluid-based method. It is
worth noting that serum inflammatory and oxidative stress mark-
ers have been associated with COPD.>"® However, there is still a
lack of reliable and simple biofluid-based biomarkers to assist the
diagnosis of COPD.

Metabolomics has the ability to identify specific metabolic bio-
markers related to the onset and development of disease,” which
makes it possible to diagnose or predict diseases, such as cancer,®®
cardiovascular disease,'! and diabetes.’> Of note, characteristic
metabolic changes have also been detected in COPD patients using
a metabolomics approach. Ubhi et al found an increased protein
turnover in serum of COPD patients by NMR-based metabolomics.'®
In exhaled breath condensate, COPD patients showed lower levels
of acetone, valine, and lysine, as well as higher levels of lactate, ace-
tate, propionate, serine, proline, and tyrosine, when compared with
controls.** Using a mass spectrometry-based metabolomics method,
Naz et al reported that oxidative stress and the autotoxin-lysoPA
axis were disturbed in serum of COPD patients in a sex-specific
manner.?®

Additionally, artificial intelligence (Al)-based techniques are
developing rapidly in medicine and may achieve a better detection
and diagnosis of disease.'®'” For example, Esteva et al trained
deep neural networks with skin images and achieved dermatolo-
gist-level classification of skin diseases.'® Ardila et al developed
a deep learning model integrated with computed tomography in-
formation to predict the risk of lung cancer with an area under
the curve of 94.4%.%7 Besides, Al-based diagnostic technique has
also been successfully applied for other diseases, such as liver
masses,?? breast cancer metastases,?! diabetic retinopathy,22 and
others. Most of the developed Al diagnostic systems are based on
medical imaging; however, here we sought to integrate Al tech-
nique and metabolic features in biofluids for disease diagnosis
and classification.

In the present study, therefore, we analyzed serum metabolic
profiles in COPD patients and normal controls by using a *H NMR-
based metabolomics approach. The aims of this study are (a) to iden-
tify characteristic metabolic changes in COPD patients, and (b) to
develop an integrated method of least-squares support vector ma-
chine and serum metabolomics biomarkers for auxiliary diagnosis of
COPD.

2 | MATERIALS AND METHODS
2.1 | Clinical sample collection

We recruited a total of 128 participants from the First Affiliated
Hospital of Wenzhou Medical University, including 54 COPD pa-
tients and 74 subjects without COPD. Pulmonary function was
evaluated using prebronchodilator spirometry based on the Global
Initiative for Chronic Obstructive Lung Disease (GOLD) criteria,
and COPD was defined when FEV1 < 80% and FEV1/FVC < 0.7.2°
The detailed clinical information of participants is listed in Table 1.
Fasting blood sample was collected in a 5 ml vacutainer tube con-
taining the chelating agent ethylene diamine tetraacetic acid (EDTA)
and centrifuged at 1500 g for 15 minutes at 4°C. Serum was col-
lected and stored at -80°C until analysis. This study was approved
by the Ethical Committee of Wenzhou Medical University, and writ-
ten informed consents were acquired from all subjects. All proce-
dures in the present study were carried out according to the 2008
Helsinki Declaration and the clinical-ethical guidelines of the First
Affiliated Hospital of Wenzhou Medical University.

2.2 | NMR-based metabolomic analysis

IH NMR spectra were recorded using a Bruker AVANCE 111 600 MHz
NMR spectrometer with a 5-mm TXI| probe (Bruker BioSpin,
Rheinstetten, Germany) at 37°C. Serum sample was thawed at
4°C and vortexed for 10 seconds using a vortex-genie (Scientific
Industries). Then 200 pL of serum sample was drawn into an
Eppendorf tube and mixed with 400 pL of 0.2 mol/L phosphate
buffer. The mixture was centrifuged at 10 000 g for 10 minutes at
4°C, and 500 plL of supernatant was transferred and mixed with
100 pL of D,O containing 0.5% sodium trimethylsilyl propionate-
d, (TSP) in a 5 mm NMR tube for metabolomics analysis. H NMR
spectra were acquired using the CPMG pulse sequence with a fixed
receiver-gain value and the main parameters were set as follows: re-
laxation delay, 4 seconds; acquisition time, 1.64 seconds/scan; data
points, 32K; spectral width, 10 000 Hz; exponential line-broadening
function, 0.3 Hz.

All NMR spectra were phase/baseline corrected automatically
and referenced to the methyl signal of lactate at 1.33 ppm in Topspin
3.0 software (Bruker BioSpin). Subsequently, all spectra were aligned
using the “icoshift” procedure in MATLAB (R2012a, The Mathworks
Inc).>* NMR spectra from 0.4 to 9.0 ppm excluding the residual water
region from 4.0 to 5.0 ppm were subdivided and integrated to bin-
ning data with a size of 0.01 ppm for multivariate analysis.

Metabolite signals in NMR spectra were assigned by using
Chenomx NMR suite 7.0 (Chenomx Inc) and the human metabolome
database.?> To further confirm uncertain identifications, a two-di-
mensional **C-'H heteronuclear single quantum coherence (HSQC)
experiment was employed to analyze the representative samples.

The level of each metabolite was indicated using its peak area.
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TABLE 1 The clinical information of
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participants el NORM® P

n 54 74 -
Female, n (%) 7 (12.97) 43(58.11) -
Age (y) 71.27 £+ 7.37 65.09 +7.89 <.001
Height (cm) 162.64 + 8.36 157.06 + 11.77 .007
Weigh (kg) 60.68 + 9.88 63.03 + 10.16 .22
Smoking status: current, n (%) 32 (59.26) 27 (36.49) -
Smoking status: former, n (%) 23(71.88) 12 (44.44) -
Passive smoking status: never, 16 (29.63) 35 (47.30) -

n (%)
Passive smoking status: former, 10 (18.52) 9(12.16) -

n (%)
Passive smoking status: current, 18 (33.33) 32 (43.24) -

n (%)
FVCE (L) 2.3+0.87 2.43 +0.69 377
FVC (%) 74.25 + 20.67 91.22 + 19.76 <.001
FEV1Y (L) 1.28 + 0.64 3.21 + 1045 225
FEV1 (%) 51.2 + 19.04 83.2+21.11 <.001
FEV1/FVC (%) 53.67 + 10.91 84.13 + 6.76 <.001
Hypertension, n (%) 19 (35.19) 40 (54.05) -
Diabetes, n (%) 4(7.41) 5(6.76) -

2Chronic obstructive pulmonary disease.

bparticipants without chronic obstructive pulmonary disease.

‘Forced vital capacity.

dForced expiratory volume in 1 s.

2.3 | Multivariate data analysis

Partial least-squares-discriminate analysis (PLS-DA) was per-
formed on auto-scaled data to obtain an overview of metabolic
changes between COPD patients and normal individuals by using
MetaboAnalyst 4.0.2% Moreover, a permutation test with 1,000 per-
mutations based on separation distance was used to validate the
performance of PLS-DA models.?® In PLS-DA, variable importance
in the projection (VIP) represents a quantitative statistical param-
eter ranking metabolites according to their ability to discriminate
between COPD patients and normal individuals. In this study, me-
tabolites with VIP values more than 1.5 were selected as important
indicators.

2.4 | Least-squares support vector machine (LS-
SVM) classifier

Least-squares support vector machine as an artificial intelligence
model was used to distinguish COPD patients from normal in-
dividuals. For development of LS-SVM classifier, the selection
of optimal kernels and parameters is crucial for model perfor-
mances. Therefore, in the present study, linear, polynomial and

RBF kernels were compared, and leave one out cross-validation

were used to select the optimal parameters of LS-SVM. All data
were auto-scaled and randomly divided into two subsets for
training (80%) and testing (20%) phases of LS-SVM classifiers.
Receiver operating-characteristic (ROC) curve was plotted with
sensitivity versus 1-specificity, and its area under curve (AUC)
value was calculated to assess the diagnostic performance of
LS-SVM classifiers. LS-SVM model with the highest AUC value
was selected as the optimal model for COPD predictive diagno-
sis. LS-SVM was implemented using a LS-SVM toolbox?’ under
MATLAB environment (R2012a, The MathWorks, Inc, Natick, MA,
USA).

2.5 | Statistical analysis

Metabolic difference between COPD patients and normal individu-
als was performed using Student's t test with Bonferroni correction
in SAS software (SAS 9.2, SAS Institute Inc), and a statistically sig-
nificant difference was defined when a P value below .05. The vol-
cano plot was employed to identify potentially important metabolic
markers according to fold change and P value of the metabolite using
MetaboAnalyst 4.0.2° The AUC value of each metabolite for COPD
predictive diagnosis was calculated by a classical univariate ROC
analysis in MetaboAnalyst 4.0.%
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3 | RESULTS
3.1 | COPD patients possesses a peculiar metabolic
phenotype

Typical *H NMR spectrum acquired from serum in COPD patients
is illustrated in Figure 1A, where we identified a series of serum
metabolites, involving amino acid metabolism (alanine, valine, iso-
leucine, leucine, tyrosine, and histidine), glucose metabolism (lac-
tate and glucose), lipid metabolism (pUFA, polyunsaturated fatty
acid; formate), and others (LOP, lipoprotein mainly include LDL and
VLDL; NAG, N-acetyl-glycoprotein). To examine the difference of
metabolic patterns between COPD patients and controls, a partial
least-squares-discriminant analysis (PLS-DA) was used in this study
based on serum metabolomes, as shown in Figure 1B. The result
of PLS-DA shows a clear separation between COPD patients and
controls. Then, we performed a permutation test with 1000 random
permutations to test this model and found a statistically significant
performance of PLS-DA model (Figure 1C, P < .001). Figure 1D
shows variable importance in projection (VIP) scores of each me-
tabolite from PLS-DA model. Relative to other metabolites, NAG and
LOP with VIP > 1.5 were identified as important differential metab-

olites between COPD patients and controls in this study. Moreover,

volcano plot also shows that NAG and LOP had a higher fold change
and more significant difference (Figure 1E).

Furthermore, we found that most of identified metabolites
in serum were significantly decreased in COPD patients relative
to normal controls, including NAG (Figure 2A), LOP (Figure 2B),
pUFA (Figure 2C), glucose (Figure 2D), alanine (Figure 2E), leucine
(Figure 2F), histidine (Figure 2G), valine (Figure 2H), and lactate
(Figure 21). However, COPD patients had a significantly higher level
of serum formate than controls (Figure 2J, P = .02). In addition,
there were no significant differences in serum isoleucine (Figure 2K,
P = .51) and tyrosine (Figure 2L, P = .87) levels between COPD pa-

tients and controls.

3.2 | Diagnosis of COPD based on LS-SVM classifier
using metabolic biomarkers

In this study, ROC curves analysis was employed to evaluate serum
NAG and LOP that have been identified as important differential me-
tabolites for diagnosis of COPD. The corresponding area under curve
(AUC) were 0.78 for NAG (Figure 3A) and 0.76 for LOP (Figure 3B).
Subsequently, we developed LS-SVM classifiers equipped with dif-
ferent kernel functions for COPD diagnosis using NAG and LOP, as
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FIGURE 1 NMR-based metabolomics analysis. A, A typical 600 MHz *H NMR spectrum obtained from serum in patients with COPD:
LOP, lipoprotein; NAG, N-acetyl-glycoprotein; x4, 4 times magnification; B, PLS-DA-based classification of participators with and without
COPD (COPD vs. NORM) using serum metabolomics data; C, A 1000-times random permutation test; D, VIP values of metabolites analyzed
by PLS-DA; E, Volcano plot of metabolites analyzed by MetaboAnalyst. Important metabolites were selected when VIP value was >1.5 and P

value <.05
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FIGURE 2 COPD-driven serum metabolic changes. The metabolic difference between COPD patients (COPD) and normal individuals
(NORM) was analyzed using Student's t test with Bonferroni correction, and a statistically significant difference was defined when a P
value < .05. Metabolite: pUFA, polyunsaturated fatty acid; LOP, lipoprotein; NAG, N-acetyl-glycoprotein

shown in Figure 3C. The development of LS-SVM classifier includes
two steps: training and test phases. In the training phase, 80% of the
data were randomly selected to generate the models. We found that
LS-SVM classifier with radial basis function (RBF) kernel had a higher
accuracy (Figure 3D) than the classifier with other two kernels. After
training, LS-SVM classifiers were tested using an independent data-
set (20% of the data). The results reveal that the total classification
accuracy of LS-SVM classifier with RBF kernel were dramatically
decreased to 57.69% (Figure 3E), suggesting that this model was
overfitting. During the test phase, we found that the classification
accuracy of LS-SVM classifier with RBF kernel was only 41.67% for
COPD patients and 71.43% for normal controls. For linear LS-SVM
classifier, however, the classification accuracies were 83.33% and
78.57% for COPD patients and normal controls, respectively, and
the total accuracy rate was 80.77%, as shown in Figure 3E. For poly-
nomial LS-SVM classifier, the classification accuracy was 83.33% for
COPD patients and 85.71% for normal controls, and the total accu-
racy rate was 84.62% (Figure 3E). In addition, linear (Figure 3F) and
polynomial (Figure 3G) LS-SVM classifiers achieved the AUC values
of 0.87 and 0.90 for COPD diagnosis in an independent dataset, re-
spectively; however, the AUC value of LS-SVM classifier with RBF
kernel was only 0.61 (Figure 3H). Thus, for the diagnosis of COPD
based on NAG and LOP, LS-SVM classifiers with linear and polyno-

mial kernels performed better than the classifier with RBF kernel.

4 | DISCUSSION

Abnormal metabolism plays an important role in most diseases,

indicating that the onset and development of diseases would be

accompanied by a peculiar metabolic change.28 Hence, metabo-
lomics might be contributed to explore the pathogenesis and treat-
ment of diseases as well as to predict and diagnose diseases. In the
present study, we observed a hypometabolic state in COPD patients
using an NMR-based metabolomics approach. This finding is consist-
ent with the result of Labaki et al, who reported that the severity of
airflow obstruction is linked with downregulation of serum metabo-
lism in smokers.?? In addition, they also identified the most relevant
metabolites, including tryptophan, histidine, valine and leucine.?’
Therefore, hypometabolism may trigger the progression of COPD.

In this study, we found that COPD patients had lower leucine
and valine levels than normal controls. Leucine and valine belong
to branched-chain amino acids (BCAAs) that have been shown to
regulate protein turnover and glucose homeostasis.>® Decreased
BCAAs levels in COPD patients have also been reported in previous
studies.®1%2 Additionally, Yoneda et al demonstrated that reduced
BCAAs levels in COPD patients are specifically related to loss of
body weight and muscle mass.>® Besides BCAAs, we also observed
significantly decreased levels of alanine and histidine in serum of
COPD patients relative to normal controls. For COPD, cachexia is
regarded as a common and partly reversible feature, but adversely
affects its progression and prognosis.>**%> Of note, amino acids have
been shown to be implicated in COPD cachexia.®>% In the body,
amino acids not only are necessary constituents for protein synthe-
sis, but also replenish tricarboxylic acid (TCA) cycle intermediates for
energy supply.36 Therefore, the reduction of amino acid metabolism
could be a common characteristic in COPD patients and indicate the
deterioration of COPD.

Chronic obstructive pulmonary disease has also been associ-

ated with disrupted lipid metabolism,®”8 but its effect is differed
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FIGURE 3 Al-based COPD diagnosis using serum metabolic biomarkers. Values of the area under the curve of (A) N-acetyl-glycoprotein
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ROC analyses and AUC values of LS-SVM with (F) linear, (G) polynomial, and (H) radial basis functions during the training and test phases

on blood lipid profiles. Titz et al reported that smokers with COPD
can be clearly distinguished from never-smokers using serum lipid
profiles.®’ They also found that COPD patients had higher levels of
glycerolipids and monounsaturated fatty acids as well as lower levels
of polyunsaturated fatty acids (pUFA) and hydroxyoctadecadienoic

acids.®? In addition, decreased pUFA level in COPD patients was
also detected in other studies.*®*2 In the current study, relative to
normal controls, we observed a lower pUFA level and a higher for-
mate level in serum of COPD patients. Of note, a decrease in pUFA

43,44

is a marker of oxidative stress, and an increase in formate has
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been implicated in the inflammatory process.** Therefore, changes
in lipid metabolism proposed herein may indicate increases in ox-
idative stress and inflammation in COPD patients compared with
normal controls, which could be potential inducements for COPD
progression. Additionally, glucose metabolism was also vulnerable
to be disturbed in COPD patients relative to normal individuals.*® In
this study, we found that COPD patients had significantly lower lev-
els of glucose and lactate in serum than normal controls. This find-
ing suggests an impaired energy metabolism in COPD patients.*”*8
Together, our results imply that the disturbance of glucose and lipid
metabolism could be one of main causes in COPD.

We speculate that the downregulation of amino acid, glucose
and lipid metabolism would result in decreases in glycoprotein
and lipoprotein. As expected, our data show that COPD patients
had significantly lower levels of NAG (N-acetyl-glycoprotein) and
LOP (mainly LDL and VLDL) in serum than normal controls. In
our study, NAG and LOP were also identified as two important
metabolites for distinguishing between COPD patients and con-
trols from both multivariable and univariate analyses. Therefore,
we sought to develop an artificial intelligence (Al) model using
these two potential biomarkers for predictive diagnosis of COPD.
Al-based diagnostic approach has been used in COPD. For exam-
ple, Fernandez-Granero et al developed a decision tree classifier
based on respiratory sounds of patients to early predict COPD ex-
acerbation.*’ Feature-weighted survival learning machine using all
risk factors in medical records was established for COPD failure
prediction.’® Additionally, Goto et al also reported that machine
learning approaches can predict disposition of COPD exacerba-
tion.”® In the present study, LS-SVM classifiers equipped with lin-
ear and polynomial kernels based on serum NAG and LOP levels
can achieve the total accuracy rates of 80.77% and 84.62% and
the AUC values of 0.87 and 0.90 for COPD diagnosis, respectively.
Our results demonstrated that an integrated method of Al tech-
nique and biofluid biomarkers has a significant potential for auxil-

iary diagnosis of COPD.

5 | CONCLUSIONS

We used NMR-based serum metabolomics to examine metabolic
differences between COPD and normal individuals and detected a
hypometabolic state in COPD patients. The peculiar metabolic phe-
notype of COPD mainly included the decreases in amino acid, glu-
cose, and lipid metabolism. Moreover, we identified NAG and LOP
as two important metabolites for distinguishing between COPD
patients and normal individuals. LS-SVM classifiers based on NAG
and LOP were developed for COPD diagnosis, and LS-SVM classi-
fiers with linear and polynomial kernels performed better than the
classifier with RBF kernel. The highlight of the present study is to
develop an integrated method of artificial intelligence and biofluid-
based biomarkers for auxiliary diagnosis of COPD. However, the
proposed diagnostic method still needs to be further validated in a

large clinical sample.

WILEY-7°®

AUTHOR CONTRIBUTIONS

CCS, YPL, LY, and HCG contributed to the experimental design. LY,
YRH, LD, and YPL contributed to clinical diagnosis and sample col-
lection. QS, MYZ, and HZ contributed to NMR-based metabolomics
analysis. HZ contributed to the data analysis, result interpreta-
tion, and writing. All authors have reviewed and approved the final

manuscript.

ORCID

Hongchang Gao https://orcid.org/0000-0003-3462-1879

REFERENCES

1. Mirza§,ClayRD,Koslow MA, Scanlon PD.COPD guidelines: areview
of the 2018 GOLD report. Mayo Clinic Proc. 2018;93:1488-1502.

2. Burney PG, Patel J, Newson R, Minelli C, Naghavi M. Global
and regional trends in COPD mortality, 1990-2010. Eur Respir J.
2015;45:1239-1247.

3. Loépez-Campos JL, Tan W, Soriano JB. Global burden of COPD.
Respirology. 2016;21:14-23.

4. HoT,Cusack RP,Chaudhary N, Satia |, Kurmi OP. Under-and over-di-
agnosis of COPD: a global perspective. Breathe. 2019;15:24-35.

5. Shahriary A, Ghanei M, Rahmani H. The systemic nature of mus-
tard lung: comparison with COPD patients. Interdiscipl Toxicol.
2017;10:114-127.

6. Shahriary A, Panahi Y, Shirali S, Rahmani H. Relationship of
serum levels of interleukin 6, interleukin 8, and C-reactive pro-
tein with forced expiratory volume in first second in patients
with mustard lung and chronic obstructive pulmonary diseases:
systematic review and meta-analysis. Adv Dermatol Allergol.
2017;34:192-198.

7. Shahriary A, Rahmani H. Need to study of systemic markers
changes in acute phase of respiratory complication due to sulfur
mustard. Toxin Rev. 2017;36:261-263.

8. Rahmani H, Javadi |, Shirali S. Evaluation of serum levels of in-
terleukin-6 and C-reactive protein in mustard lung patients and
its relationship with pulmonary complications. Minerva Pneumol.
2017;56:84-89.

9. Emwas AHM, Salek RM, Griffin JL, Merzaban J. NMR-based metab-
olomics in human disease diagnosis: applications, limitations, and
recommendations. Metabolomics. 2013;9:1048-1072.

10. Spratlin JL, Serkova NJ, Eckhardt SG. Clinical applications of metab-
olomics in oncology: a review. Clin Cancer Res. 2009;15:431-440.

11. Rhee EP, Gerszten RE. Metabolomics and cardiovascular biomarker
discovery. Clin Chem. 2012;58:139-147.

12. Pallares-Mendez R, Aguilar-Salinas CA, Cruz-Bautista [, del
Bosque-Plata L. Metabolomics in diabetes, a review. Ann Med.
2016;48:89-102.

13. Ubhi BK, Riley JH, Shaw PA, et al. Metabolic profiling detects
biomarkers of protein degradation in COPD patients. Eur Respir J.
2012;40:345-355.

14. Bertini I, Luchinat C, Miniati M, Monti S, Tenori L. Phenotyping
COPD by 'H NMR metabolomics of exhaled breath condensate.
Metabolomics. 2014;10:302-311.

15. Naz S, Kolmert J, Yang M, et al. Metabolomics analysis identifies
sex-associated metabotypes of oxidative stress and the autotox-
in-lysoPA axis in COPD. Eur Respir J. 2017;49:1602322.

16. Nichols JA, Chan HWH, Baker MA. Machine learning: applica-
tions of artificial intelligence to imaging and diagnosis. Biophys Rev.
2019;11:111-118.

17. He J, Baxter SL, Xu J, Xu J, Zhou X, Zhang K. The practical imple-
mentation of artificial intelligence technologies in medicine. Nat
Med. 2019;25:30-36.


https://orcid.org/0000-0003-3462-1879
https://orcid.org/0000-0003-3462-1879

MWI LEY

18.
19.

20.

21.

22.

23.
24,

25.

26.
27.

28.

29.
30.
31.
32.
33.
34.

35.

36.

37.

ZHENG T AL.

Esteva A, Kuprel B, Novoa RA, et al. Dermatologist-level clas-
sification of skin cancer with deep neural networks. Nature.
2017;542:115-118.

Ardila D, Kiraly AP, Bharadwaj S, et al. End-to-end lung cancer
screening with three-dimensional deep learning on low-dose chest
computed tomography. Nat Med. 2019;25:954-961.

Yasaka K, Akai H, Abe O, Kiryu S. Deep learning with convolu-
tional neural network for differentiation of liver masses at dy-
namic contrast-enhanced CT: a preliminary study. Radiology.
2017;286:887-896.

Golden JA. Deep learning algorithms for detection of lymph node
metastases from breast cancer: helping artificial intelligence be
seen. JAMA. 2017;318:2184-2186.

Bellemo V, Lim ZW, Lim G, et al. Artificial intelligence using deep
learning to screen for referable and vision-threatening diabetic ret-
inopathy in Africa: a clinical validation study. Lancet Digital Health.
2019;1:e35-e44.

Hobbs BD, de Jong K, Lamontagne M, et al. Genetic loci associated
with chronic obstructive pulmonary disease overlap with loci for
lung function and pulmonary fibrosis. Nat Genet. 2017;49:426-432.
Savorani F, Tomasi G, Engelsen SB. icoshift: A versatile tool
for the rapid alignment of 1D NMR spectra. J Magn Reson.
2010;202:190-202.

Wishart DS, Feunang YD, Marcu A, et al. HMDB 4.0: the human me-
tabolome database for 2018. Nucleic Acids Res.2017;46:D608-D617.
Chong J, Soufan O, Li C, et al. MetaboAnalyst 4.0: towards more
transparent and integrative metabolomics analysis. Nucleic Acids
Res. 2018;46:W486-W494.

Pelckmans K, Suykens JA, Van Gestel T, et al. LS-SVMlab: a matlab/c
toolbox for least squares support vector machines. Leuven, Belgium:
Tutorial. KULeuven-ESAT. 2002;142:1-8.

Finkelstein J, Gray N, Heemels MT, Marte B, Nath D. Metabolism
and disease. Nature. 2012;491:347-348.

Labaki W, Gu T, Murray S, et al. Altered serum metabolom-
ics in COPD: analysis of the SPIROMICS cohort. Eur Respir J.
2018;52:PA580.

Layman DK. The role of leucine in weight loss diets and glucose
homeostasis. J Nutr. 2003;133:261-267.

Engelen MP, Wouters EF, Deutz NE, Menheere PP, Schols AM.
Factors contributing to alterations in skeletal muscle and plasma
amino acid profiles in patients with chronic obstructive pulmonary
disease. Am J Clin Nutr. 2000;72:1480-1487.

Ubhi BK, Cheng KK, Dong J, et al. Targeted metabolomics identifies
perturbations in amino acid metabolism that sub-classify patients
with COPD. Mol BioSyst. 2012;8:3125-3133.

YonedaT, Yoshikawa M, Fu A, Tsukaguchi K, Okamoto Y, Takenaka H.
Plasma levels of amino acids and hypermetabolism in patients with
chronic obstructive pulmonary disease. Nutrition. 2001;17:95-99.
Wagner PD. Possible mechanisms underlying the development of
cachexia in COPD. Eur Respir J. 2008;31:492-501.

Sanders KJ, Kneppers AE, van de Bool C, Langen RC, Schols
AM. Cachexia in chronic obstructive pulmonary disease: new in-
sights and therapeutic perspective. J Cachexia Sarcopenia Muscle.
2016;7:5-22.

Bender DA. Amino acid metabolism. Hoboken, NJ: John Wiley &
Sons; 2012.

Jamalkandi SA, Mirzaie M, Jafari M, Mehrani H, Shariati P,
Khodabandeh M. Signaling network of lipids as a comprehensive
scaffold for omics data integration in sputum of COPD patients.
BBA-Mol Cell Biol Lipids. 2015;1851:1383-1393.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

Chen H, Li Z, Dong L, Wu Y, Shen H, Chen Z. Lipid metabolism in
chronic obstructive pulmonary disease. Int J Chron Obstruct Pulmon
Dis. 2019;14:1009-1018.

Titz B, Luettich K, Leroy P, et al. Alterations in serum polyunsat-
urated fatty acids and eicosanoids in patients with mild to mod-
erate chronic obstructive pulmonary disease (COPD). Int J Mol Sci.
2016;17:1583.

Shahar E, Folsom AR, Melnick SL, et al. Dietary n-3 polyunsaturated
fatty acids and smoking-related chronic obstructive pulmonary dis-
ease. N Engl J Med. 1994;331:228-233.

Simon JA, Fong J, Bemert JT, Browner WS. Relation of smoking
and alcohol consumption to serum fatty acids. Am J Epidemiol.
1996;144:325-334.

Shahar E, Boland LL, Folsom AR, Tockman MS, McGovern PG,
Eckfeldt JH. Docosahexaenoic acid and smoking-related chronic
obstructive pulmonary disease. Am J Respir Crit Care Med.
1999;159:1780-1785.

Spiteller G. Peroxyl radicals: Inductors of neurodegenerative and
other inflammatory diseases. Their origin and how they transform
cholesterol, phospholipids, plasmalogens, polyunsaturated fatty
acids, sugars, and proteins into deleterious products. Free Radic Biol
Med. 2006;41:362-387.

De Castro J, Hernandez-Hernandez A, Rodriguez MC, Sardina JL,
Llanillo M, Sanchez-Yagiie J. Comparison of changes in erythrocyte
and platelet phospholipid and fatty acid composition and protein
oxidation in chronic obstructive pulmonary disease and asthma.
Platelets. 2007;18:43-51.

Hughes ER, Winter MG, Duerkop BA, et al. Microbial respiration
and formate oxidation as metabolic signatures of inflammation-as-
sociated dysbiosis. Cell Host Microbe. 2017;21:208-219.
Mirrakhimov AE. Chronic obstructive pulmonary disease and glu-
cose metabolism: a bitter sweet symphony. Cardiovasc Diabetol.
2012;11:132.

Kutsuzawa T, Shioya S, Kurita D, Haida M, Ohta Y, Yamabayashi H.
Muscle energy metabolism and nutritional status in patients with
chronic obstructive pulmonary disease. A 3P magnetic resonance
study. Am J Respir Crit Care Med. 1995;152:647-652.

Faroogi N, Carlsson M, Haglin L, Sandstrom T, Slinde F.
Energy expenditure in women and men with COPD. Clin Nutr.
2018;28:171-178.

Fernandez-Granero MA, Sanchez-Morillo D, Leon-Jimenez A. An
artificial intelligence approach to early predict symptom-based ex-
acerbations of COPD. Biotech Biotechnol Equip. 2018;32:778-784.
Zhang J, Wang S, Courteau J, Chen L, Guo G, Vanasse A. Feature-
weighted survival learning machine for COPD failure prediction.
Artif Intell Med. 2019;96:68-79.

Goto T, Camargo CA Jr, Faridi MK, Yun BJ, Hasegawa K. Machine
learning approaches for predicting disposition of asthma and COPD
exacerbations in the ED. Am J Emerg Med. 2018;36:1650-1654.

How to cite this article: Zheng H, Hu Y, Dong L, et al.
Predictive diagnosis of chronic obstructive pulmonary disease

using serum metabolic biomarkers and least-squares support

vector machine. J Clin Lab Anal. 2021;35:€23641. https://doi.

org/10.1002/jcla.23641



https://doi.org/10.1002/jcla.23641
https://doi.org/10.1002/jcla.23641

