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1
Tab. 1 Comparison of different case characteristics of Pulmonary .
Case Total i Pneumonia N
patients with tuberculosis and pneumonia characteristics ( number) tulzrcc,/u)losm ol %) X~ value P value
0
Case Towl  DUMORAY o monia Fatigue 42.914 <0.001
o tuberculosis Xz value P value
characteristics ( number) o %) n( %) Yes 192 136( 70. 8) 56(29.2)
Gonder 0.232_ 0.680 No 668 294(44.0) 374(56.0)
Vil W5 1.1 191509 Arthralgia 140.298 <0.001
Female 485 246(50.7)  239(49.3) Yes 200 174(86.6) - 27(13.4)
Age( years) 5219 0.076 No 659 256(38.8) 403(61.2)
0-34 4 24(52.2) 2(47.9) Palpitations 34.233 <0.001
35-54 194 83(42.8)  111(57.2) Yes 4 #(91.5) 4(8.5)
55-100 620 323(52.1)  297(47.9) No 813 387(47.6)  426(52.4)
Nationality 39.596 <0.001 Night sweats 136.242 <0.001
Han 486 205(42.2)  281(57.8) Yes BL127(9.9) 4(3.1)
Hu O No 729 303(41.6)  426(58.4)
Uyghur 280 179(63.9)  101(36.1)
Kazak 2 15(53.6) 13( 46.4) 2
Russian 2 0(0) 2(100.0) Tab. 2 Variable Assignment Table
Kirgiz ! 1(100.0) 0(0) Main symptom Assign value
Man ! 0(0) 1(100.0) Gender Male =1 Female =0
M‘)f'g"“"‘“ 7 3(42.9) 4(57.1) Age 0-14=0 15-34=1 35-54=2 55-100 =3
Tujia ! 0(0) 1(100.0) Nationality Han =0 Hui=1 Uyghur =2 Kazak =3 Rus-
Xibo ! 0(0) 1(100.0) sian =4 Kirgiz =5 Man =6 Mongolian =7
Smoking history 0.091  0.821 Tujia=8 Xibo =9
Yes 248 126(30.8) 122(49.2) Smoking history Yes=1 No=0
No 612 304(49.7)  308(50.3) Cough Veoml No—0
Couvgh 248353 <0.001 Coughing up phlegm  Yes=1 No=0
Yes 419 94(22.4) 325(77.6) Shortness of breath Yes=1 No=0
No 4l 336(76.2) 105(23.8) Chest tightness Yes=1 No=0
Coughing up phlegm 123.457 <0.001 Wheezing Yes=1 No=0
Yes 306 75(24.5) 231(75.5) Tachypnea Vee o1 No—o0
No 554 355(64.1)  199(35.9) Chest pain Veem1l No—0
Shortness of breath 39.568 <0.001 Hemoptysis Yes=1 No=0
Yes 206 68(31.5)  148(68.5) Fover Veeml No—0
No 644 362(56.2) 282(43.8) Lower extremity edema Yes=1 No=0
Chest tightness 5.467  0.024 Fatigue Yes =1 No=0
Yes 165 69(41.8)  96(58.2) Athaslgia Vesz1 No0
No 695 361(51.9) 334(48.1) Palpitations Yes=1 No=0
Wheezing 4524 0.046 Night sweats Yes=1 No=0
Yes 53 19(35.8) 34(64.2)
No 807 411(50.9)  396(49.1)
Tachypnea 12.858 <0.001 1.3
Yes 102 68(66.6) 34(33.3) 1.3.1
No 758 362(47.8) 396(52.2)
Chest pain 12.464  0.001 °
Yes 9 30(32.6) 62(67.4)
No 768 400( 52.1) 368(47.9)
Hemoptysis 5.273  0.029
Yes 75 41(62.7)  28(37.3) ’
No 785 383(48.8)  402(51.2)
Fever 359.460 <0.001 0,
Yes 493 109(22.1)  384(77.9) RA. 1.3 “.1071” .
No 367 RA(87.5)  46(12.5)
Lower extremity edema 7.550  0.010 1.3.2
Yes 3 18(78.3) 5(21.7) ",

No 837  412(49.2)  425(50.8)
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Tab. 3 Comparison of information on patients with tuberculosis and pneumonia in the training and test sets
Training set Test set
- Pulmonary . Pulmonary .
Case characteristics . Pneumonia R Total . Pneumonia
Total tuberculosis o X P value tuberculosis A X P value
n (%) n (%) ( number) n( %) n( %)
Gender 0.004 0.951 1.168 0.280
Male 280 138(49.3)  142(50.7) 95 46(48.4) 49(51.6)
Female 365 179(49.0)  186(51.0) 120 67(55.8) 53(44.2)
Age( years) 3.218 0.200 1.998 0.368
0-34 28 14(50.0) 14(50.0) 18 10( 55.6) 8(44.4)
35-54 154 66(42.9) 88(57.1) 40 17(42.5) 23(57.5)
55 -100 463 237(51.3)  226(48.8) 157 86(54.8) 71(45.2)
Nationality 32.751 <0.001 8.154 0.148
Han 360 147(40.8)  213(59.2) 126 58(46.0) 68(54.0)
Hui 48 25(52.1) 23(47.9) 5 2(40.0) 3(60.0)
Uyghur 204 130(63.7) 74(36.3) 76 49(64.5) 27(35.5)
Kazak 25 13(52.0) 12(48.0) 3 2(66.7) 1(33.3)
Russian 1 0(0) 1( 100.0) 1 0(0) 1( 100.0)
Kirgiz 1 1( 100.0) 0(0) 0 0(0) 0(0)
Man 1 0(0) 1( 100.0) 0 0(0) 0(0)
Mongolian 3 1(33.3) 2(66.7) 4 2(50.0) 2(50.0)
Tujia 1 0(0) 1( 100.0) 0 0(0) 0(0)
Xibo 1 0(0) 1( 100.0) 0 0(0) 0(0)
Smoking history 0.635 0.425 0.621 0.431
Yes 184 95(51.6) 89(48.4) 64 31(48.4) 33(51.6)
No 461 222(48.2)  239(51.8) 151 82(54.3) 69(45.7)
Cough 204.623 <0.001 45.306 <0.001
Yes 317 65(20.5)  252(79.5) 102 29(28.4) 73(71.6)
No 328 252(76.8) 76(23.2) 113 84(74.3) 29(25.7)
Coughing up phlegm 103.087 <0.001 21.905 <0.001
Yes 227 50(22.0) 177(78.0) 79 25(31.6) 54(68.4)
No 418 267(63.9)  151(36.1) 136 88(64.7) 48(35.3)
Shortness of breath 34.269 <0.001 6.701 0.010
Yes 154 44(28.6) 110(71.4) 62 24(38.7) 38(61.3)
No 491 273(55.6)  218(44.4) 153 89(58.2) 64(41.8)
Chest tightness 4.323  0.038 1.126 0.289
Yes 125 51(40.8) 74(59.2) 40 18(45.0) 22(55.0)
No 520 266(51.2)  254(48.8) 175 95(54.3) 80(45.7)
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Training set Test set
. Pulmonary . Pulmonary .
Case characteristics . Pneumonia Total . Pneumonia
Total tuberculosis o X P value tuberculosis Y N P value
n (%) n (%) ( number) o %) n( %)

Wheezing 5.328 0.021 0.033 0.855

Yes 41 13(31.7) 28(68.3) 12 6(50.0) 6(50.0)

No 604 304(50.3)  300(49.7) 203 107(52.7) 96(47.3)
Tachypnea 21.211 <0.001 8.785 0.003

Yes 25 1(4.0) 24(96.0) 11 1(9.1) 10(90.9)

No 620 316(51.0)  304(49.0) 204 112(54.9) 92(45.1)
Chest pain 11.139  0.001 1.789 1.181

Yes 67 20(29.9) 47(70.1) 25 10( 40.0) 15(60.0)

No 578 297(51.4)  281(48.6) 190 103(54.2) 87(45.8)
Hemoptysis 2.834 0.092 2.690 0.101

Yes 55 33(60.0) 22(40.0) 20 14(70.0) 6(30.0)

No 590 284(48.1)  306(51.9) 195 99(50.8) 96(49.2)
Fever 271.539 <0.001 87.795 <0.001

Yes 373 80(21.4) 293(78.6) 120 29(24.2) 91(75.8)

No 272 237(87.1) 35(12.9) 95 84(88.4) 11(11.6)
Lower extremity edema 2.843 0.092 4.972 0.026

Yes 14 10(71.4) 4(28.6) 9 8(88.9) 1(11.1)

No 631 307(48.7)  324(51.3) 206 105(51.0) 101(49.0)
Fatigue 24.207 <0.001 20.091 <0.001

Yes 139 94(67.6) 45(32.4) 53 42(79.2) 11(20.8)

No 506 223(44.1)  283(55.9) 162 71(43.8) 91(56.2)
Arthralgia 98.861 <0.001 42.197 <0.001

Yes 156 131(84.0) 25(16.0) 45 43(95.6) 2(4.4)

No 489 186(38.0)  303(62.0) 170 70(41.2) 100( 58.8)
Palpitations 27.581 <0.001 6.838 0.009

Yes 36 33(91.7) 3(8.3) 11 10( 90.9) 1(9.1)

No 609 284(46.6)  325(53.4) 204 103( 50.5) 101(49.5)
Night sweats 92.855 <0.001 43.004 <0.001

Yes 92 88(95.7) 4(4.3) 39 39( 100.0) 0(0.0)

No 553 229(41.4)  324(58.6) 176 74(42.0) 102(58.0)

( Grid Search)
( 10old Cross Validation) o
10 9
1 . 10 ;
10 o Fig. 1 Optimisation process of support vector machine classifier
4 0.135 °
1 15

. 1, Kappa
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Tab. 4 Contribution of the independent variables of each model
SVM RF NNM
. Accuracy Kappacoefficient Mean Mean Hidden Hidden Hidden Hidden
Variable Kappa
Accuracy fFicient standard standard decrease  decrease layerl layerl layerl layerl
COCTEIEL Jeviation deviation accuracy gini neuronl neuron2  neuron3  neurond
Smoking history 0.821 0.642 0.055 0.112 8.632 5.864 1.256 3.025 0.427 11.252
Cough 0.821 0.642 0.055 0.112 36.945 48.920 0.433 -13.799 2.585 31.077
Coughing up phlegm 0.839 0.676 0.032 0.063 14.362 13.271 -2.071 -19.751 -1.634 8.472
Shortness of breath 0.862 0.723 0.039 0.077 8.708 7.159  -4.716 15.852 -0.997  -12.465
Chest tightness 0.871 0.742 0.040 0.080 4.411 5.139 10.490  -3.913 -1.057 -47.618
Wheezing 0.877 0.754 0.042 0.083 7.469 3.531 -707.716  -8.198 -3.559 -9.488
Tachypnea 0.3880 0.761 0.044 0.090 7.830 1.768 -696.732 -54.926 -1.197 -116.570
Chest pain 0.884 0.767 0.044 0.089 2.316 3.939 -11.089 -4.117 -1.671 -112.934
Hemoptysis 0.890 0.780 0.043 0.086 8.528 5.061  -5.355 19.613  -2.633  -45.857
Fever 0.893 0.786 0.041 0.082 76.789 99.069  -8.542 2.871 3.577 -3.550
Lower extremity edema  0.891 0.783 0.038 0.077 0.040 0.918 8.413 -31.243 -0.651 7.198
Fatigue 0.890 0.779 0.037 0.073 8.141 7.963 -1.989 -6.662 -1.093 6.731
Arthralgia 0.885 0.770 0.048 0.097 34.722 18.364 9.392 33.716  -0.728 -1 000.704
Palpitations 0.884 0.767 0.046 0.091 20.332 4.883 7.269 13.109 -1.573 -178.704
Night sweats 0.882 0.764 0.049 0.098 61.704 30.373  753.792 29.326 -0.599 256.940

SVM: support vector machine; RF: random forest; NNM: neural network model.
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3

Fig. 3 Neural network diagram

5

Tab. 5 Comparison of performance of discriminant

3 analysis of patients with suspected tuberculosis
Model Accuracy(95% CI) Sensitivity ~Specificity AUC
SVM 0.90(0.849 -0.935) 0.88 0.92 0.941
RF 0.91(0.865-0.946) 0.87 0.96 0.945
° NNM 0.88(0.833-0.923) 0.83 0.94 0.937
o 4
1
2.5 3
5
91% 87% 96%
o 4 ROC
ROC . Fig.4 ROC curve of the classification model for
suspected tuberculosis patients
4, o
3

8 12-13
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Discriminant analysis of pulmonary tuberculosis patients and

pneumonia patients based on machine learning
Chang Minli' You Shuping’ Chen Xiaodie' Chen Zhifei’ Zheng Yanling’
(' College of Public Health *College of Nursing *College of Medical Engineering and

Technology Xinjiang Medical University Urumgi 830017)

Abstract Objective
patients. Methods

To explore the feasibility of machine learning methods in the discrimination of tuberculosis
The data of 15 observation indicators of 860 patients were obtained from a tertiary hospital.
Through in-depth mining and analysis of the data support vector machine random forest and neural network model
methods were used to discriminate the diseases of patients. Results The accuracies of the TB suspected patient

91% and

All three machine learning methods can be used for discriminative analysis of

discrimination models based on support vector machine

88%

random forest and neural network were 90%
respectively. Conclusion
suspected tuberculosis patients. In comparison random forest performs better in discriminating patients with tuber—
culosis from those with pneumonia.

Key words pulmonary tuberculosis; pneumonia; support vector machine; random forest; neural network model
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