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Application of Bayesian classifier in diagnosis of lung cancer by multiple autoantibody biomarkers

LIU Yan, CHANG Wen-jun, CAO Guang-wen"
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200433, China

[Abstract] Objective To establish a Bayesian classifier-based lung cancer prediction model, and to discuss its predictive
efficiency. Methods Using the reaction data of previously screened 6 phage peptide clones with the sera of 90 lung cancer
patients and 90 healthy controls, we established a Bayesian classifier-based lung cancer prediction model, with the data analyzed
by BinReg 2. 0 software. The predictive efficiencies of different models (Bayesian classifier-based prediction model, Logistic
regression, principal component regression, and support vector machine) were evaluated by receiver operating characteristic
(ROC) curves. Results The sensitivity and specificity of Bayesian classifier-based lung cancer prediction model were 92. 00%
and 96.00%, respectively. And the model satisfactorily distinguished lung cancer patients and healthy controls.
Conclusion Our Bayesian classifier-based lung cancer prediction model can accurately predict the risk of lung cancer.
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Tab 1 Data of patients with lung cancer

Training Validation
Index group group P
(N=50) (N=40)
Age (year) 0. 300
=60 22 22
<60 28 18
Gender 0.010
Male 23 8
Female 27 32
Stage 0.435
1 5 2
Il 8 6
I} 11 18
v 26 14
Histology <0. 001
Adenocarcinoma 49 11
Others? 1 29

*: Bronchoalveolar carcinoma, small cell carcinoma an
‘. B hoalveol Il cell d

squamous cell carcinoma
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Fig 1 Development of Bayesian classifier
for discriminating lung cancer patients

and healthy controls in training group

R 2 | F Bayes # 8 3¢ 88 4iF 46 Fh
Bili 88 288 R IE & X BR B FI i 45 &R
Tab 2 Diagnostic performance of Bayesian
model in lung cancer patients and healthy

controls in validation group

Gold standard

Bayesian model — - Total
Positive Negative
Positive 33 2 35
Negative 7 38 45
Total 40 40 80
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Tab 3 Data of lung cancer patients after balancing

n

Training Validation
Characteristic group group P
(N=50) (N=40)
Age (year) 0. 814
=60 25 21
<60 25 19
Gender 0.921
Male 33 26
Female 17 14
Stage 0.229
1 5 2
I 9 5
16 13
N 20 20
Histology 0. 294
Adenocarcinoma 31 29
Others # 19 11

*. Bronchoalveolar carcinoma, small cell carcinoma and

squamous cell carcinoma
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Tab 4 Diagnostic performances of four
different prediction models in 90 lung cancer

patients and 90 healthy controls

Asymptotic 95%CI

Model AUC Std. error

Lower bound  Upper bound
LR 0.956 0.017 0.923 0. 989
PCA 0.956 0.016 0.924 0. 989
SVM 0. 969 0.016 0.938 1. 000
Binreg 0.968 0.015 0.939 0.998

AUC: Area under curve; CI: Confidence interval; LR:
Logistic regression; PCA: Principal component regression;

SVM: Support vector machine; Binreg: Bayesian binary re-

gression
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LC patient 11 1. 56 1.15 1.39 1.81 1. 56 1. 54 LC patient 56 2.3 1.88  2.68 2.68 1. 88 2.96
LC patient 12 2.16 1.72 1.79 1.7 1. 69 1. 48 LC patient 57 3.91 3.32 3.7 0.57 2.45 3.66
LC patient 13 2.01 1.61 1.42  1.63 1. 99 1. 98 LC patient 58 1.18  2.04 1.98 1.04 1.22 1.22
LC patient 14 1.2 1.6 1.68 1.8 1.28 2 LC patient 59 2.14  2.21  2.31 1. 95 1.83 1. 06
LC patient 15 2.71 2.16 1.22  2.32 1.28 1.03 LC patient 60 1.88 2.3 1.48 5.2 2.77 5.89
LC patient 16 2.78 2.83 2.5 1.29 2.24 2.16 LC patient 61 1.88 1.06 1.52 1.17 0.56 1.7

LC patient 17 1.8 1.56 1.33 1.53 1. 69 0.79 LC patient 62 1.47 1.17 1.22 1. 86 1.07 0.63
LC patient 18 2.89 2.53  2.84 0.51 2.43 2.46 LC patient 63 1.04  0.97 1.14 0.95 2.53 3.13
LC patient 19 1.76 0.93 1.63  2.69 1. 54 2.04 LC patient 64 0.97 1.54 2.3 2.05 1.59 1.51
LC patient 20 2.98 2.97  3.05 5. 63 2.7 4.63 LC patient 65 0.24 2.35 2.1 1. 64 1.02 0.96
LC patient 21 2.22 2.49  3.65 1.77 1.37 0.8 LC patient 66 1.24  2.25 2.38 1. 67 3.96 2.39
LC patient 22 2.33 2.84 3.74 5.4 4. 26 4.03 LC patient 67 1.84 1.55 1. 49 1. 01 1. 31 0.85
LC patient 23 2.2 1. 49 1.71 1. 49 1.7 0.95 LC patient 68 3.63  2.38  2.69 2.3 2.15 2.62
LC patient 24 1. 85 2.13  2.65 1.16 1. 69 1. 85 LC patient 69 1.58 1.3 1.17 0.95 1.16 0.83
LC patient 25 1. 07 1.94  0.93 1.11 1. 15 1.62 LC patient 70 1.4 1.61 1.48 1.12 1 0.61
LC patient 26 1.21 0.93 0.81 1.55 3.09 1.03 LC patient 71 3.26  3.32  4.98 0.32 1.5 2.18
LC patient 27 2.36 2.55 1. 04 1. 97 1.02 0. 87 LC patient 72 4.89 4.6 4. 81 3.95 3.36 4.25
LC patient 28 1.42 3.17  1.98  1.95 1. 49 1.39 LC patient 73 1.84  1.69 1.42 1. 56 1.13 1.35
LC patient 29 3.22 3.47 2 2.65 1.71 1. 63 LC patient 74 2.43 2.49 2.1 1.57 2 1. 64
LC patient 30 1. 81 2.62 2.07 3.08 2.18 1. 86 LC patient 75 1. 14 1.11 1. 34 1. 26 1. 84 1.23
LC patient 31 1. 96 1. 49 1.62 1.27 1.61 1. 14 LC patient 76 2.03 0.84 1.35 1. 14 1.57 2.07
LC patient 32 1. 42 1. 89 1.51 1.14 0.52 0. 83 LC patient 77 1.52 1.4 2.29 1.1 1.47 2. 44
LC patient 33 1.25 1.5 1. 94 1.02 1.32 1. 31 LC patient 78 1.3 1. 84 1.91 1. 44 1. 04 0.95
LC patient 34 2.42 1.8 1.8 2.08 2.08 2 LC patient 79 1.67 1. 56 1.6 1.75 1.68 0.98
LC patient 35 1. 56 1.62 1.96  2.16 2.4 1.28 LC patient 80 2 1.87  0.93 2.31 2.3 1. 94
LC patient 36 2.77 2.1 2.09  2.04 1.57 1. 86 LC patient 81 1.25 1. 05 1.87 1.7 1. 36 1.03
LC patient 37 2.39 2.32  1.41 1. 44 2.6 1.88 LC patient 82 2.35  2.29 2.81 2.65 3.31 1.21
LC patient 38 1. 87 1.92 1.76 1.21 1.59 0.52 LC patient 83 1. 36 1.16  3.46 1.4 1.79 1.18
LC patient 39 4.54 5.31  4.98  9.48 3.56 8.59 LC patient 84 2.04 1.75 1.51 1.75 1. 48 1.52
LC patient 40 1.3 1.48 1.76  1.64 1.3 1.08 LC patient 85 1.58 1.61 1.92 1. 65 1.58 1.31
LC patient 41 1.71 2.71  2.19 1.67 1. 36 1.1 LC patient 86 1.28 1.83 1.38 1.62 1.23 1.23
LC patient 42 1.02 0.52 0.32 1.3 2.62 2.1 LC patient 87 1.57 1.32 1.06 1.18 0. 86 1.53
LC patient 43 3.98 5.84 6.08 3.88 5.5 5.06 LC patient 88 2.54  2.31 2.53 1.58 1. 84 1. 69
LC patient 44 1. 31 1. 35 1. 88 1.01 1. 54 1.4 LC patient 89 6.44 5.36 4.74 5.6 4.68 5.6

LC patient 45 1.55 1.6 1.48 1.17 1. 85 1.14 LC patient 90 1.42 1 1.76 1.13 2.23 1. 05
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