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APPENDIX -1

Table 37 : HDFC dataset

S.NO Date Open High Low Close | AdjClose | Volume

1 10/07/2019 | 1189.38 1199 | 1183.13 | 1194.38 1159.65 | 5784574

2. 11/07/2019 1201.5 1207 | 1197.82 | 1203.57 1168.58 | 4548798

3. 12/07/2019 1209 1209 | 1192.53 | 1196.95 1162.15| 4488136
4. 15/07/2019 1198 | 1201.5| 1188.68 | 1197.38 1162.56 | 4116592
S. 16/07/2019 1209 1209 1191 | 1195.6 1160.84 | 6385284

6. 17/07/2019 | 1196.47 | 1205.8 | 1195.65 | 1198.72 1163.87 | 3879868

7. 18/07/2019 1201.5 | 12145 | 1200.95 | 1205.95 1170.89 | 5401292

8. 19/07/2019 1207.5 | 1210.35| 1183.5| 1187.82 1153.29 | 4469614

9. 22/07/2019 1172.5| 1174.93 | 1140.63 | 1148.63 1115.23 | 11085648

10. 23/07/2019 | 1147.25 | 1147.25| 1121.03 | 1131.75 1098.85 | 13901432

11. 24/07/2019 | 1128.38 | 1146.5| 1125.5| 1140.45 1107.29 | 8681870

12. 25/07/2019 11425 | 1157.72 | 1140.13 | 1143.03 1109.79 | 9731004

13. 26/07/2019 1139.1 | 1146.82 | 1136.43 | 1138.65 1105.55 | 6414914

14. 29/07/2019 | 1136.78 | 1136.78 | 1111.53 | 1122.15 1089.53 | 4988246

15. 30/07/2019 1127.5| 1135.6 | 1119.95 | 1126.13 1093.38 | 5197068

16. 31/07/2019 1120 | 11335 | 1117.13 | 1125.82 1093.09 | 6945920

17. 01/08/2019 | 1114.55 1120 | 10985 | 1110.9 1081 | 9120838

18. 02/08/2019 1105.5 1112 1091 | 1107.18 1077.38 | 13912768

19. | 05/08/2019 | 1098.53 1100 | 1081.25 | 1089.63 1060.3 | 9911220

20. 06/08/2019 1083.5 | 1105.13 | 1083.5 | 1094.55 1065.09 | 12445470
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21. 07/08/2019 1095 1101 | 10825 1092 1062.61 | 9375068
22. 08/08/2019 1099 | 11215 | 1091.5| 1116.57 1086.53 | 9855800
23. 09/08/2019 1123.5| 11445 | 11199 1141 1110.29 | 15218056
24, 13/08/2019 | 1136.65 | 1136.65 | 1101.3 | 1110.18 1080.3 | 7720034
25. 14/08/2019 | 1117.7 |1117.7 |1101.53 | 1114.72 | 1084.72 7127026

26. 16/08/2019 1107 | 1116.5| 1102.05| 1113.85 1083.87 | 7623780
217. 19/08/2019 | 1119.25 1121 | 1100.85 | 1103.43 1073.73 | 4249100
28. 20/08/2019 | 1104.63 | 1113.9| 1103.43 | 1110.3 1080.42 | 5135296
29. 21/08/2019 | 1112.45| 1120.6| 1107.1| 1112.93 1082.97 | 5236356
30. 22/08/2019 | 1110.43 | 1110.43 | 1083.53 | 1087.05 1057.79 | 6996022
31. 23/08/2019 1080.5| 1088.5| 1069.8 | 1081.35 1052.25 | 10049808
32. 26/08/2019 | 1097.45 | 1133.07 | 1083.5 | 1128.07 1097.72 | 12640122
33. 27/08/2019 1128 | 1136.45 | 1120.05 | 1129.97 1099.56 | 10330416
34. 28/08/2019 1125 | 1128.68 | 1113.18 | 1123.75 1093.51 | 6831294
35. 29/08/2019 1123 | 1126.85 | 1110.15 | 1113.47 1083.51 | 7391858
36. 30/08/2019 | 1116.75 1130 1111 | 1113.97 1084 | 9616660
37. 03/09/2019 1110 | 1110.5| 1098.07 | 1105.47 1075.72 | 5714338
38. 04/09/2019 1103.5 1137 | 1099.5 | 1123.88 1093.63 | 7530352
39. 05/09/2019 11245 | 1136.2 | 1112.5| 1117.57 1087.5 | 8648126
40. 06/09/2019 1114 | 1128.3 | 1110.65 | 1122.95 1092.73 | 6435002
41. 09/09/2019 1123 | 1130.45 | 1108.05 | 1124.8 1094.53 | 5321702
42. 11/09/2019 1137 1137 | 1120.57 | 1125.65 1095.36 | 7604558
43. 12/09/2019 | 1125.35| 11444 | 1124.07 | 1135.43 1104.87 | 9066150
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44. 13/09/2019 1125.5 | 1133.72 1119 | 1128.72 1098.35 | 7685670
45. 16/09/2019 | 1125.95| 1131.32 | 1120.5 | 1122.07 1091.88 | 5515092
46. 17/09/2019 | 1123.95 | 1124.25 | 1099.05 | 1105.68 1075.92 | 5328278
47. 18/09/2019 | 1108.65 | 1112.07 1090 | 1093.88 1064.44 | 6479942
48. 19/09/2019 1099.9 | 1107.05 1084 | 1101.05 1071.42 | 5311655
49. 20/09/2019 1108 | 1209.9 | 11054 | 1199.6 1167.32 | 23075017
50. 23/09/2019 | 1259.55 | 1282.7 1229 | 1257.25 1223.41 | 20960205
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Table 38 : ICICI bank dataset

S.No Date Open High Low Close | AdjClose | Volume
1. 21/12/2015 | 227.36 | 235.91 | 227.27 | 234.73 221.58 | 14307700
2. 22/12/2015 | 233.18 | 239.55| 233.14 | 235.95 222.73 | 21342967
3. 23/12/2015 236 | 239.05| 235.55| 238.05 224.71 | 11533960
4. 24/12/2015 | 239.09 | 239.64 | 233.91 234.5 221.36 | 6097366
5. 28/12/2015 | 236.41 | 240.91 | 236.36 | 240.05 226.6 | 12041784
6. 29/12/2015 240 | 242.27 | 237.73 | 240.68 227.2 | 9054719
1. 30/12/2015 | 239.32 | 240.41 | 237.95 238.5 225.14 | 10025565
8. 31/12/2015 | 238.27 | 239.86 236.5 | 237.59 22428 | 8546444
9. 01/01/2016 | 237.55 | 239.64 | 234.55| 239.09 225.69 | 5998096
10. 04/01/2016 | 237.27 | 237.59 2315 | 232.32 219.3 | 9435792
11. 05/01/2016 | 232.95 | 234.09 | 228.82 | 233.36 220.29 | 8966977
12. 06/01/2016 | 232.18 | 233.41 | 226.55 | 227.36 214.62 | 17416181
13. 07/01/2016 224 | 225.18 221 | 224.32 211.75 | 18240712
14. 08/01/2016 | 222.27 | 225.27 | 221.32 | 222.77 210.29 | 14404391
15. 11/01/2016 | 219.91 | 221.73 | 216.41 | 217.68 205.48 | 14208668
16. 12/01/2016 | 219.09 | 219.86 | 214.18 | 215.23 203.17 | 11895899
17. 13/01/2016 | 216.18 | 220.82 | 210.09 | 217.73 205.53 | 18215710
18. 14/01/2016 | 212.91 218 | 210.73 | 214.32 202.31 | 14600781
19. 15/01/2016 | 214.18 | 214.82 | 201.59 | 204.05 192.61 | 22333902
20. 18/01/2016 | 203.82 | 207.91 198 | 202.82 191.45 | 30239009
21. 19/01/2016 | 204.23 | 210.23 | 204.23 | 207.95 196.3 | 16222439
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22. 20/01/2016 | 204.45 | 207.18 | 200.09 204 192.57 | 14353478
23. 21/01/2016 | 207.73 | 212.27 | 203.82 | 205.73 194.2 | 15665863
24, 22/01/2016 | 211.45| 213.55| 208.91 | 211.59 199.74 | 15148522
25. 25/01/2016 | 214.5| 216.82 | 212.91| 214.59 202.57 | 17137268
26. 27/01/2016 | 216.36 | 217.55| 213.36 | 215.73 203.64 | 12155561
217. 28/01/2016 | 216.86 | 217.77 | 210.23 212 200.12 | 24258166
28. 29/01/2016 | 199.09 213 | 199.09 | 209.23 197.5 | 47755494
29. 01/02/2016 | 206.36 | 206.68 | 196.27 | 197.45 186.39 | 40395715
30. 02/02/2016 | 198.18 | 199.73 | 190.64 | 191.27 180.56 | 31821419
31. 03/02/2016 | 188.18 | 189.82 | 184.14| 185.5 175.11 | 23592288
32. 04/02/2016 | 187.64 | 187.64 | 182.27 | 185.41 175.02 | 30869158
33. 05/02/2016 | 186.82 | 191.82 | 185.09 | 190.36 179.7 | 36189377
34. 08/02/2016 | 191.82 | 195.91 | 187.41| 189.59 178.97 | 19366081
35. 09/02/2016 | 185.45 | 192.27 182.5| 190.36 179.7 | 20906682
36. 10/02/2016 | 184.64 | 190.45| 183.64 | 188.41 177.85 | 22742128
37. 11/02/2016 | 185.23 | 188.14 180 | 181.14 170.99 | 31817116
38. 12/02/2016 | 178.73 | 180.36 | 173.18 | 175.95 166.1 | 41775526
39. 15/02/2016 | 176.27 | 188.45| 176.27 185 174.63 | 34130349
40. 16/02/2016 | 188.18 | 188.18 | 177.73 | 178.73 168.71 | 20895952
41. 17/02/2016 | 178.64 | 179.23 | 171.68 | 173.41 163.69 | 28792115
42. 18/02/2016 | 175.91 | 180.91 | 175.64 | 178.32 168.33 | 32260277
43. 19/02/2016 178 | 183.14 1775 | 180.73 170.6 | 17617480
44, 22/02/2016 | 179.55 183 | 178.59 | 180.41 170.3 | 17567788
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45. 23/02/2016 | 181.27 | 181.27 | 172.95| 174.55 164.77 | 20001984
46. 24/02/2016 | 171.82 | 173.82 | 168.95 170 160.47 | 20654961
47. 25/02/2016 | 170.64 | 171.82 | 165.05| 166.36 157.04 | 38340699
48. 26/02/2016 | 167.55| 169.05 | 164.32 168 158.59 | 24687792
49, 29/02/2016 168 | 178.09 | 165.18 | 172.77 163.09 | 43510436
50. 01/03/2016 177.5| 187.68 177.5| 186.32 175.88 | 27223692
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Table 39 : SBIN dataset

S.No Date Open | High Low | Close | Adj Close Volume
1. 14/05/2019 | 307.85 | 316.75 | 305.10 | 314.65 301.13 | 30521436.00
2. 15/05/2019 | 316.20 | 317.90 | 311.00 | 312.10 298.69 | 27932459.00
3. 16/05/2019 | 312.50 | 317.10 | 309.55 | 315.75 302.18 | 18147559.00
4. 17/05/2019 | 315.65 | 321.95 | 313.45 | 319.25 305.53 | 25838962.00
5. 20/05/2019 | 332.00 | 345.80 | 331.00 | 344.70 329.89 | 53207071.00
6. 21/05/2019 | 345.90 | 347.55 | 336.25 | 337.55 323.05 | 33457162.00
7. 22/05/2019 | 338.90 | 342.60 | 333.55 | 341.10 326.44 | 32002499.00
8. 23/05/2019 | 353.00 | 364.00 | 339.20 | 342.20 327.50 | 74413322.00
9. 24/05/2019 | 344.95 | 357.00 | 343.50 | 355.35 340.08 | 35703403.00
10. 27/05/2019 | 355.05 | 362.50 | 354.00 | 361.70 346.16 | 31374994.00
11. 28/05/2019 | 360.95 | 361.70 | 356.65 | 360.05 344.58 | 23501608.00
12. 29/05/2019 | 358.00 | 359.00 | 347.15 | 348.65 333.67 | 28370210.00
13. 30/05/2019 | 349.75 | 355.00 | 347.50 | 353.55 338.36 | 25712604.00
14. 31/05/2019 | 354.35 | 357.90 | 344.65 | 352.50 337.35 | 32588069.00
15. 03/06/2019 | 352.35 | 356.45 | 349.65 | 355.45 340.18 | 18380919.00
16. 04/06/2019 | 354.00 | 357.20 | 351.40 | 352.40 337.26 | 18130636.00
17. 06/06/2019 | 349.00 | 349.60 | 335.90 | 336.90 322.42 | 41941144.00
18. 07/06/2019 | 337.00 | 342.75 | 336.00 | 342.05 327.35 | 29739710.00
19. 10/06/2019 | 346.00 | 347.30 | 340.15 | 344.30 329.50 | 20500542.00
20. 11/06/2019 | 345.05 | 348.30 | 342.85 | 347.10 332.18 | 16281297.00
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21. 12/06/2019 | 346.95 | 346.95 | 342.30 | 344.00 329.22 | 11564970.00
22. 13/06/2019 | 343.00 | 347.45 | 339.80 | 346.50 331.61 | 15509948.00
23. 14/06/2019 | 345.50 | 346.35 | 342.55 | 343.80 329.03 | 10347594.00
24, 17/06/2019 | 343.75 | 343.75 | 336.95 | 337.85 323.33 | 13779496.00
25. 18/06/2019 | 335.50 | 344.00 | 333.80 | 340.05 325.44 | 21957480.00
26. 19/06/2019 | 343.10 | 345.20 | 335.50 | 338.85 324.29 | 16416903.00
217. 20/06/2019 | 341.00 | 346.25 | 335.60 | 345.15 330.32 | 20626861.00
28. 21/06/2019 | 344.80 | 350.70 | 343.15 | 349.40 334.39 | 24749090.00
29. 24/06/2019 | 350.00 | 354.75 | 349.65 | 353.20 338.02 | 17919504.00
30. 25/06/2019 | 352.70 | 357.00 | 351.25 | 356.55 341.23 | 15922634.00
31. 26/06/2019 | 355.75 | 359.00 | 354.30 | 358.15 342.76 | 15835579.00
32. 27/06/2019 | 358.10 | 363.00 | 357.25 | 362.15 346.59 | 29658120.00
33. 28/06/2019 | 362.20 | 365.00 | 358.70 | 361.25 345.73 | 22708464.00
34. 01/07/2019 | 362.80 | 363.00 | 358.50 | 361.55 346.01 | 12348793.00
35. 02/07/2019 | 362.15 | 365.00 | 360.35 | 364.50 348.84 | 14482172.00
36. 03/07/2019 | 365.25 | 366.70 | 363.00 | 366.15 350.42 | 12626285.00
37. 04/07/2019 | 367.25 | 370.90 | 366.20 | 367.40 351.61 | 19252646.00
38. 05/07/2019 | 369.45 | 373.60 | 366.00 | 370.65 354.72 | 30019347.00
39. 08/07/2019 | 368.00 | 368.45 | 353.50 | 355.30 340.03 | 27247892.00
40. 09/07/2019 | 353.50 | 360.00 | 352.50 | 359.50 344.05 | 16579914.00
41. 10/07/2019 | 360.55 | 361.50 | 351.30 | 354.20 338.98 | 18681819.00
42. 11/07/2019 | 358.50 | 364.00 | 357.00 | 363.20 347.59 | 20048321.00
43. 12/07/2019 | 363.00 | 366.55 | 361.50 | 363.60 347.98 | 14661748.00
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44. 15/07/2019 | 364.10 | 365.00 | 357.60 | 360.05 344.58 | 15665939.00
45. 16/07/2019 | 358.50 | 366.00 | 357.65 | 364.35 348.69 | 16251836.00
46. 17/07/2019 | 364.05 | 373.55 | 363.05 | 372.40 356.40 | 17545177.00
47. 18/07/2019 | 371.95 | 373.80 | 362.55 | 363.65 348.02 | 21691056.00
48. 19/07/2019 | 365.10 | 366.05 | 355.15 | 356.00 340.70 | 22213173.00
49. 22/07/2019 | 356.00 | 359.55 | 348.70 | 350.85 335.77 | 19682038.00
50. 23/07/2019 | 351.20 | 353.00 | 341.00 | 342.20 327.50 | 27956145.00
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Table 40 : Nifty 50 dataset

S.No. Date Open High Low Close | Adj Close | Volume
1. 01/04/2022 | 17436.9 | 17703.7 | 17422.7 | 17670.45 | 17670.45 | 291800
2. 04/04/2022 | 17809.1 | 18114.65 | 17791.4 | 18053.4 18053.4 | 345500
3. 05/04/2022 | 18080.6 | 18095.45 | 17921.55 | 17957.4 17957.4 | 283500
4. 06/04/2022 | 17842.75 17901 | 17779.85 | 17807.65 | 17807.65 | 328800
S. 07/04/2022 | 17723.3 | 177875 | 17623.7 | 17639.55 | 17639.55 | 308800
6. 08/04/2022 | 17698.15 | 17842.75 | 17600.55 | 17784.35 | 17784.35 | 274400
7. 11/04/2022 | 17740.9 | 17779.05 | 17650.95 | 17674.95 | 17674.95 | 251700
8. 12/04/2022 | 17584.85 | 17595.3 | 17442.35 | 17530.3 17530.3 | 266000
9. 13/04/2022 | 17599.9 | 17663.65 | 17457.4 | 17475.65 | 17475.65 | 245100
10. | 18/04/2022 | 17183.45 | 17237.75 | 17067.85 | 17173.65 | 17173.65 | 376100
11. | 19/04/2022 | 17258.95 | 17275.65 | 16824.7 | 16958.65 | 16958.65 | 401400
12. | 20/04/2022 | 17045.25 | 17186.9 | 16978.95 | 17136.55 | 17136.55 | 286100
13. | 21/04/2022 | 17234.6 | 17414.7 | 172155 | 17392.6 17392.6 | 285200
14, | 22/04/2022 | 17242.75 | 17315.3 | 17149.2 | 17171.95| 17171.95 | 262700
15. | 25/04/2022 | 17009.05 | 17054.3 | 16888.7 | 16953.95 | 16953.95 | 275700
16. | 26/04/2022 | 17121.3 | 17223.85 | 17064.45 | 17200.8 17200.8 | 261100
17. | 27/04/2022 | 17073.35 | 17110.7 | 16958.45 | 17038.4 17038.4 | 265100
18. | 28/04/2022 | 17189.5| 173225 | 17071.05 | 17245.05 | 17245.05 | 312900
19. | 29/04/2022 | 17329.25 | 17377.65 | 17053.25 | 17102.55 | 17102.55 | 336200
20. | 02/05/2022 | 16924.45 | 17092.25 | 16917.25 | 17069.1 17069.1 | 278200
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21. | 04/05/2022 | 17096.6 | 17132.85 | 16623.95 | 16677.6 16677.6 | 310600
22. | 05/05/2022 | 16854.75 | 16945.7 | 16651.85 | 16682.65 | 16682.65 | 265800
23. | 06/05/2022 | 16415.55 | 16484.2 | 16340.9 | 16411.25 | 16411.25 | 300500
24. | 09/05/2022 | 16227.7 | 16403.7 | 16142.1 | 16301.85| 16301.85 | 288400
25. | 10/05/2022 | 16248.9 | 16404.55 | 16197.3 | 16240.05 | 16240.05 | 283100
26. | 11/05/2022 | 16270.05 | 16318.75 | 15992.6 | 16167.1 16167.1 | 284300
27. | 12/05/2022 | 16021.1 | 16041.95 | 15735.75 15808 15808 | 314900
28. | 13/05/2022 15977 | 16083.6 | 15740.85 | 15782.15 | 15782.15 | 369100
29. | 16/05/2022 | 15845.1 | 15977.95 | 15739.65 | 15842.3 15842.3 | 217600
30. | 17/05/2022 | 15912.6 | 16284.25 | 15900.8 | 16259.3 16259.3 | 295700
31. | 18/05/2022 | 16318.15 | 16399.8 | 16211.2 | 16240.3 16240.3 | 290400
32. | 19/05/2022 | 15917.4 | 15984.75 | 15775.2 | 15809.4 | 15809.4 | 313900
33. | 20/05/2022 | 16043.8 | 16283.05 | 16003.85 | 16266.15 | 16266.15 | 252400
34. | 23/05/2022 | 16290.95 | 16414.7 | 16185.75 | 16214.7 16214.7 | 293800
35. | 24/05/2022 | 16225.55 | 16262.8 | 16078.6 | 16125.15 | 16125.15 | 249800
36. | 25/05/2022 | 16196.35 | 16223.35 | 16006.95 | 16025.8 16025.8 | 243300
37. | 26/05/2022 16105 | 16204.45 | 15903.7 | 16170.15 | 16170.15 | 314300
38. | 27/05/2022 | 16296.6 | 16370.6 | 16221.95 | 16352.45 | 16352.45 | 274100
39. | 30/05/2022 | 16527.9 | 16695.5| 16506.15 | 16661.4 | 16661.4 | 251400
40. | 31/05/2022 | 16578.45 | 16690.75 | 16521.9 | 16584.55 | 16584.55 | 651600
41. | 01/06/2022 | 16594.4 | 16649.2 | 16438.85 | 16522.75 | 16522.75 | 249600
42. | 02/06/2022 | 16481.65 | 16646.4 | 16443.05 16628 16628 | 236000
43. | 03/06/2022 | 16761.65 | 16793.85 | 16567.9 | 16584.3 16584.3 | 245500
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44. | 06/06/2022 | 16530.7 | 16610.95 | 16444.55 | 16569.55 | 16569.55 | 233600
45. | 07/06/2022 | 16469.6 | 16487.25 | 16347.1 | 16416.35 | 16416.35 | 233800
46. | 08/06/2022 | 16474.95 | 16514.3 | 16293.35 | 16356.25 | 16356.25 | 243500
47. | 09/06/2022 | 16263.85 | 16492.8 | 16243.85 | 16478.1 16478.1 | 205000
48. | 10/06/2022 | 16283.95 | 16324.7 | 16172.6 | 16201.8 16201.8 | 189700
49. | 13/06/2022 | 15877.55 | 15886.15 15684 | 157744 | 15774.4 | 225500
50. | 14/06/2022 | 15674.25 15858 | 15659.45 | 15732.1 15732.1 | 225400
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Table 41 : S & P BSE datasets

S.No Date Open High Low Close | AdjClose | Volume
1. 5/31/2017 31222.51 | 31255.28 | 31107.48 | 31145.8 | 31145.8 13000
2. 06/01/2017 31117.09 | 31213.12 | 31062.02 | 31137.59 | 31137.59 8300
3. 06/02/2017 31205.37 | 31332.56 | 31190.4 | 31273.29 | 31273.29 8500
4. 06/05/2017 31274.74 | 31355.42 | 31198.22 | 31309.49 | 31309.49 9000
5. 06/06/2017 | 31420.85 | 31430.32 | 31172.55 | 31190.56 | 31190.56 | 13600
6. 06/07/2017 31252.71 | 31346.99 | 31172.98 | 31271.28 | 31271.28 9500
1. 06/08/2017 31316.91 | 31354.51 | 31193.77 | 31213.36 | 31213.36 14000
8. 06/09/2017 31196.86 | 31289.99 | 31087.28 | 31262.06 | 31262.06 9800
9. 06/12/2017 31225.43 | 31225.43 | 31044.28 | 31095.7 | 31095.7 6800
10. 6/13/2017 31091.1 | 31260.77 | 31062.34 | 31103.49 | 31103.49 13300
11. 6/14/2017 31147.69 | 31190.36 | 31054.94 | 31155.91 | 31155.91 12700
12. 6/15/2017 31222.89 | 31229.44 | 31026.48 | 31075.73 | 31075.73 12700
13. 6/16/2017 31160.47 | 31182.73 | 31017.18 | 31056.4 | 31056.4 13300
14. 6/19/2017 31168.98 | 31362.15 | 31163.35 | 31311.57 | 31311.57 7500
15. 6/20/2017 31392.53 | 31392.53 | 31261.49 | 31297.53 | 31297.53 8100
16. 6/21/2017 31302.18 | 31336.44 | 31193.61 | 31283.64 | 31283.64 35700
17. 6/22/2017 31351.53 | 31522.87 | 31255.63 | 31290.74 | 31290.74 10200
18. 6/23/2017 31352.57 | 31365.39 | 31110.39 | 31138.21 | 31138.21 | 89700
19. 6/27/2017 31194.68 | 31294.96 | 30847.08 | 30958.25 | 30958.25 | 15300
20. 6/28/2017 30988.87 | 31000.48 | 30798.7 | 30834.32 | 30834.32 9900
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21. 6/29/2017 30910.97 | 31097.92 | 30794.61 | 30857.52 | 30857.52 12300
22. 6/30/2017 30824.97 | 30965.45 | 30680.66 | 30921.61 | 30921.61 9200
23. 07/03/2017 | 31156.04 | 31258.33 | 31017.11 | 31221.62 | 31221.62 8100
24, 07/04/2017 | 31331.21 | 31353.46 | 31166.37 | 31209.79 | 31209.79 8700
25. 07/05/2017 | 31272.72 | 31284.64 | 31177.78 | 31245.56 | 31245.56 6500
26. 07/06/2017 | 31298.42 | 31460.7 | 31264.86 | 31369.34 | 31369.34 10100
217. 07/07/2017 | 31373.52 | 31426.29 | 31286.62 | 31360.63 | 31360.63 6200
28. 07/10/2017 | 31510.62 | 31768.39 | 31471.41 | 31715.64 | 31715.64 | 37900
29. 07/11/2017 31789.5 | 31885.11 | 31718.48 | 31747.09 | 31747.09 9100
30. 07/12/2017 | 31813.24 | 31865.69 | 31731.43 | 31804.82 | 31804.82 8300
31. 7/13/2017 31896.23 | 32091.52 | 31892.63 | 32037.38 | 32037.38 10500
32. 7/14/2017 32099.93 | 32109.75 | 31897.87 | 32020.75 | 32020.75 7200
33. 7/17/2017 32053.98 | 32131.92 | 32037.21 | 32074.78 | 32074.78 10300
34. 7/18/2017 31775.54 | 31911.61 | 31626.44 | 31710.99 | 31710.99 21600
35. 7/19/2017 31882.8 | 31978.89 | 31793.72 | 31955.35 | 31955.35 11300
36. 7/20/2017 32033.82 | 32057.12 | 31859.5| 31904.4| 31904.4 11200
37. 7/21/2017 32035.88 | 32062.23 | 31808.93 | 32028.89 | 32028.89 18000
38. 7124/2017 32100.22 | 32320.86 | 32058.33 | 32245.87 | 32245.87 11500
39. 7125/2017 32350.71 | 32374.3 | 32196.86 | 32228.27 | 32228.27 14100
40. 7126/2017 32255.99 | 32413.63 | 32226.08 | 32382.46 | 32382.46 12400
41. 712712017 32519.44 | 32672.66 | 32325.33 | 32383.3 | 32383.3 10900
42. 7128/2017 32381.36 | 32381.36 | 32104.66 | 32309.88 | 32309.88 11300
43. 7/131/2017 32412.2 | 32546.5 | 32324.45 | 32514.94 | 32514.94 13100
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44. 08/01/2017 32579.8 | 32632.02 | 32462.25 | 32575.17 | 32575.17 9000
45. 08/02/2017 | 32641.58 | 32686.48 | 32394.89 | 32476.74 | 32476.74 10500
46. 08/03/2017 | 32502.55 | 32502.55 | 32194.58 | 32237.88 | 32237.88 12600
47. 08/04/2017 | 32191.12 | 32352.19 | 32107.99 | 32325.41 | 32325.41 11300
48. 08/07/2017 32377.8 | 32396.14 | 32235.82 | 32273.67 | 32273.67 10400
49. 08/08/2017 | 32341.05 | 32354.77 | 31915.2 | 32014.19 | 32014.19 9400
50. 08/09/2017 | 31926.14 | 31967.28 | 31731.91 | 31797.84 | 31797.84 9300
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Table 42 : Microsoft dataset

S.No Date Open High Low Close | AdjClose | Volume
1. 01/06/2023 | 325.93 | 333.53| 324.72 | 332.58 | 330.5937 | 26773900
2. 02/06/2023 | 334.25 3375 | 332.55 335.4 | 333.3969 | 25864000
3. 05/06/2023 | 335.22 | 338.56 | 334.66 | 335.94 | 333.9337 | 21307100
4. 06/06/2023 | 335.33 | 335.37 | 332.17 | 333.68| 331.6872 | 20396200
S. 07/06/2023 | 331.65| 334.49 3225 | 323.38 | 321.4487 | 40717100
6. 08/06/2023 | 323.94 | 326.64 | 323.35| 325.26 | 323.3175 | 23277700
7. 09/06/2023 | 324.99 | 329.99 | 32441 | 326.79 | 324.8383 | 22514900
8. 12/06/2023 | 328.58 332.1 | 325.16| 331.85| 329.8681 | 24260300
9. 13/06/2023 | 334.47 | 336.98 | 330.39| 334.29 | 332.2935 | 22951300
10. 14/06/2023 | 334.34 | 339.04 | 332.81| 337.34| 335.3253 | 26003800
11. 15/06/2023 | 337.48 | 349.84 337.2 348.1 | 346.0211 | 38899100
12. 16/06/2023 | 351.32 | 351.47 | 341.95| 342.33 | 340.2855 | 46533600
13. 20/06/2023 | 339.31 | 342.08 | 335.86 | 338.05| 336.0311 | 26375400
14. 21/06/2023 | 336.37 | 337.73 | 332.07| 333.56 | 331.5679 | 25117800
15. 22/06/2023 | 334.12 | 340.12 | 333.34| 339.71 | 337.6812 | 23556800
16. 23/06/2023 | 334.36 | 337.96 | 333.45| 335.02 | 333.0192 | 23084700
17. 26/06/2023 | 333.72 | 336.11 | 328.49 328.6 | 326.6375 | 21520600
18. 27/06/2023 | 331.86 | 336.15 329.3 | 334.57 | 332.5719 | 24354100
19. 28/06/2023 | 334.66 | 337.98 | 333.81 | 335.85| 333.8442 | 20259500
20. 29/06/2023 | 334.71 | 336.11 | 332.62 | 335.05| 333.049 | 16997000
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21. 30/06/2023 | 337.75 | 342.73 337.2 | 340.54 | 338.5062 | 26823800
22. 03/07/2023 | 339.19 340.9 | 336.57 | 337.99 | 335.9714 | 12508700
23. 05/07/2023 | 335.09 | 341.65| 334.73| 338.15| 336.1305 | 18172400
24. 06/07/2023 337.3 | 342.99 335.5 | 341.27 | 339.2318 | 28161200
25. 07/07/2023 | 339.32 | 341.79 337 | 337.22 | 335.206 | 21185300
26. 10/07/2023 334.6 | 33523 | 327.59 | 331.83 | 329.8482 | 32791400
27. 11/07/2023 | 331.06 | 332.86 327 | 332.47 | 330.4844 | 26698200
28. 12/07/2023 336.6 | 341.65| 335.67 337.2 | 335.1862 | 29995300
29. 13/07/2023 | 339.56 | 343.74 | 339.02 | 342.66 | 340.6136 | 20567200
30. 14/07/2023 | 347.59 | 351.43 | 34431 | 345.24 | 343.1781 | 28302200
31. 17/07/2023 | 345.68 | 346.99 342.2 | 345.73 | 343.6653 | 20363900
32. 18/07/2023 | 345.83 | 366.78 | 342.17 | 359.49 | 357.343 | 64872700
33. 19/07/2023 | 361.75| 362.46 | 352.44 | 355.08 | 352.9594 | 39732900
34. 20/07/2023 | 353.57 | 357.97 | 34537 | 346.87 | 344.7984 | 33778400
35. 21/07/2023 | 349.15 350.3 | 339.83 | 343.77 | 341.7169 | 69368900
36. 24/07/2023 | 345.85| 346.92 | 34231 | 345.11 | 343.0489 | 26678100
37. 25/07/2023 | 347.11| 351.89| 345.07 | 350.98 | 348.8839 | 41637700
38. 26/07/2023 | 341.44 | 344.67| 333.11| 337.77 | 335.7527 | 58383700
39. 27/07/2023 | 340.48 | 341.33| 329.05| 330.72 | 328.7449 | 39635300
40. 28/07/2023 | 333.67 | 340.01 | 333.17 | 338.37 | 336.3492 | 28484900
41. 31/07/2023 | 336.92 337.7| 333.36 | 335.92 | 333.9138 | 25446000
42. 01/08/2023 | 335.19 | 338.54 333.7 | 336.34 | 334.3313 | 18311900
43. 02/08/2023 | 333.63 | 333.63 | 326.36 327.5 | 325.5441 | 27761300
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44, 03/08/2023 326 | 329.88 | 325.95| 326.66 | 324.7091 | 18253700
45. 04/08/2023 | 331.88 | 335.14 | 327.24| 327.78 | 325.8224 | 23727700
46. 07/08/2023 | 328.37 | 331.11| 327.52| 330.11 | 328.1385| 17741500
47. 08/08/2023 | 326.96 | 328.75 323 | 326.05 | 324.1028 | 22327600
48. 09/08/2023 | 326.47 | 327.11| 321.05| 322.23 | 320.3056 | 22373300
49. 10/08/2023 | 326.02 | 328.26 | 321.18 | 322.93 | 321.0014 | 20113700
50. 11/08/2023 | 320.26 | 322.41 | 319.21 | 321.01 | 319.0929 | 24342600
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PUBLICATIONS

JOURNALS

» Published a paper titled”A Systematic Review on Artificial Neural Networks for Stock
Market Prediction:in Tuijin jishu/Journal of Propulsion Technolgy(Scopus)ISSN 1001-
4055 Vol 44No 6(2023)

» Published a Paper titled “Modified Extreme Learning Machine algorithm with
deterministic Weight Modification for investment Decisions based on Sentiment
Analysis” published in Recent advances in Computer Science and Communications
indexed in Scopus ISSN(print):2666-2558(online)2666-2566 Vol 16,issue 8, 2023.

DOI: 10.2174/2666255816666230815121119

» Published a paper titled “the Deterministic weight modification based Extreme Learning
machine for stock price predictions “ in Recent patents on Engineering indexed in Scopus
ISSN(print)1872-2121(online)2212-4047 Vol 19,issue 2, 2023
DOI: 10.2174/0118722121268858231111180830

CONFERENCE

» Presented and Published a paper entitled “Enhanced Extreme Learning Machine
Algorithm with Deterministic Weight Modification for Investment Decision on Indian
Stocks” in 2022 3rd International Conference on Smart Electronics and Communication
(ICOSEC), 2022: IEEE, pp. 1409-1414.

» Presented and published a paper titled “Extreme Learning Machine Algorithm with
Deterministic Weight Modification for investment Decision based on sentiment
Analysis” in National Conference on Multidisciplinary for Sustainable Innovations
(NCMRSI 2023) in Avinashilingam institute for Home Science ad Higher Education for
Women on 10" Feburary 2023.
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Modified Extreme Learning Machine Algorithm with Deterministic
Weight Modification for Investment Decisions based on Sentiment
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SCIENCE
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Abstract : Background: A significant problem in economics is stock market prediction. Due to the
noise and volatility, however, timely prediction is typically regarded as one of the most difficult
challenges. A sentiment-based stock price prediction that takes investors' emotional trends into
account to overcome these difficulties is essential.

Objective: This study aims to enhance the ELM's generalization performance and prediction accu-
racy.

Methods: This article presents a new sentiment analysis based-stock prediction method using a
modified extreme learning machine (ELM) with deterministic weight modification (DWM) called
S-DELM. First, investor sentiment is used in stock prediction, which can considerably increase the
model's predictive power. Hence, a convolutional neural network (CNN) is used to classify the user
comments. Second, DWM is applied to optimize the weights and biases of ELM.
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Results: The results of the experiments demonstrate that the S-DELM may not only increase pre-
diction accuracy but also shorten prediction time, and investors' emotional tendencies are proven to
help them achieve the expected results.

Conclusion: The performance of S-DELM is compared with different variants of ELM and some
conventional method.
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tic weight modification, machine learning.

1. INTRODUCTION

A significant amount of funds enters the stock market
through the purchase of shares, improving the organic com-
position of commercial funds by encouraging resource atten-
tiveness and significantly advancing the growth of the com-
modity economy. Stock prediction is typically the most
complex challenge because of its characteristics of noise and
volatility [1, 2]. In the social economy and organization of
the modern world, the question of how to constantly predict
the stock movement is quite unanswered. Numerous studies
are considered subjects of economic science study in re-
sponse to investor concerns and the attractiveness of big re-
turns. In the earlier stage, the statistical approaches have
been used to predict stock market data, such as autoregres-
sive moving average (ARMA), autoregressive integrated
moving average (ARIMA), autoregressive conditional heter-
oscedasticity (ARCH), and generalized autoregressive condi-
tional heteroskedasticity (GARCH) [3-6]. All of these
models rely on the linearity of the prior and present

"Address correspondence to this author at the Department of Computer
Science, Avinashilingam University for Women, Coimbatore, Tamilnadu,
India; E-mail: selvi.vss@gmail.com

2666-2566/23 $65.00+.00

variables. Since financial time series data typically lacks a
defined pattern or linearity due to its chaotic and noisy char-
acter, statistical techniques typically struggle to effectively
anticipate stock market indices. However, several negative
stock market characteristics render predictions based on
standard statistical approaches insufficient [7].

Machine learning (ML) models are now often used in the
finance industry. Artificial neural networks (ANNs) [8, 9]
achieve notable results and also well-known ML methods.
The use of ANN in modeling economic situations is fast
growing due to its intrinsic ability to detect complex nonlin-
ear relationships in time series data based on historical data
and correctly approximate any nonlinear function. ELM, a
brand-new batch learning method, has just been suggested
for training single hidden layer feed-forward neural networks
(SLFNs'). The ELM algorithm primarily initializes hidden
node values at random and calculates the output weights of
SLFNs analytically. The key benefit of ELM is that SLFNs'
hidden layer does not require tuning. ELM will result in the
least squares solution of a system of line equations for the
unknown output weights with the smallest norm property for
the randomly selected input weights and hidden layer biases.
With an incredibly quick learning rate, ELM has demon-

© 2023 Bentham Science Publishers



Modified Extreme Learning Machine Algorithm

strated good generalization performances for many practical
applications [10-13]. However, significant problems with the
practical use of the ELM still exist, most notably how to se-
lect the optimal number of hidden nodes, typically accom-
plished through trial and error. More hidden neurons are typ-
ically needed for the ELM than for traditional tuning-based
learning algorithms [14]. Hence, many research works are
focused on finding optimal weights and biases for ELM to
enhance the performance of prediction results [15, 16].
However, the conventional algorithms have many defects,
such as a low convergence rate, long computational time,
and local optima. Hence, our previous paper proposed that
DWM was used to adjust the weight and bias of ELM, called
DELM [17], which was applied to stock price prediction.
The DELM produced higher accuracy when compared with
some conventional and variant ELM.

On the other hand, the developed stock market prediction
methods primarily use historical data as their input, ignoring
other stock-impacting elements and their intricate talk into
mechanisms. The stock market does not always follow sys-
tematic ideologies due to human inconsistency [18]. In the
economic system, their emotional, psychological, and behav-
ioral traits are crucial. Additionally, recent studies revealed
that investor sentiment may play an important outcome in
stock market investment. There is a significant indication
that stockholders are not entirely rational, and shareholder
relationships in the stock market are becoming easier and
more frequent as social networks become further significant
to people. As a result, an investor's attitude and decision-
making processes may be affected by the sentiment and
opinions of other investors and those stated on social media,
which may also, to some extent, have an impact on the stock
market [19]. By calculating binary sentiment indices for
bullish and bearish attitudes, the proposed scheme takes in-
vestors' sentiment into account. In this paper, we present our
CNN-based sentiment analysis algorithm for classifying
stock market comments into bearish and bullish views. Then,
enhanced ELM is used for predicting the stock price which is
enhanced by DWM. The present research work aims to re-
duce prediction error, enhance accuracy, and make a fast-
learning time. The presented research contributions are made
as follows,

. The sentiment index (SI) is considered using a
CNN-based classification model

. The enhanced ELM based on DWN is applied to
predict the stock price

*  Four stock market datasets are used to analyze the
performance of S-DELM

*  Four different performance analyzers are consid-
ered for analyzing the strength of the S-DELM
method

Organizational paper is used for the following compo-
nents: Section 2 defines the ELM, Section 3 converses the
DELM, Section 4 converses CNN, Section 5 converses about
S-DELM, Section 6 examines the experimental findings, and
Section 7 analyses the research's conclusion.
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2. METHODOLOGY

2.1. Related Works

The study of ML models for time series prediction has
gained popularity in recent years. For example, Shobana
et al. (2021) proposed new adaptive particle swarm optimi-
zation (APSO)-based LSTM. The suggested model uses
LSTM to comprehend intricate patterns in textual input. By
introducing the APSO, weights are improved, enhancing the
LSTM's performance. The APSO helps the LSTM choose
the best weight for the environment with less iteration by
combining the opposition-based learning (OBL) approach
and the PSO [20]. Londhe et al. (2022) suggested efficiently
forecasting the sentiment using a hybridized version of the
deep bidirectional LSTM (SoEo -BiLSTM). The BiLSTM
classifier is used to execute both forward and backward
directions of the hybridized bald eagle hunting strategy and
coyote adaptation behavior [21]. Wu ef al. (2022) [22] pro-
vided a stock price prediction technique called SI-LSTM and
stockholder sentiment. Then, for non-traditional data, we
employ the sentiment analysis approach based on CNN,
which can determine the investors' SI. To forecast stock
markets, Lin (2022) [23] combined structured data, such as
trading data and technical indicators, with unstructured data
from social media. The performance of forecasting models is
heavily influenced by parameter selection. The LSTM em-
ploys the GA. Ahuja ef al. (2021) [24] developed a new de-
terministic ELM for FFNN developed via multiple kernel
learning by using (Gray level co-occurrence matrix) GLCM
for feature extraction for improving ELM. With the objective
kernel function being a linear combination of various base
kernels, two formulations of the kernel ELM are introduced,
such as deterministic multiple kernel learning and GLCM.

Wu ef al. (2021) [22] sentiment indexed (SI) based-
LSTM called SI-LSTM is a strategy for predicting stock
prices that takes into account a variety of data sources and
investor sentiment. The developed SI-LSTM for forecasting
the China Shanghai A-share market incorporates sentiment
index, technical indicators, and historical transaction data for
stocks as the feature set. Tripathi ef al. (2020) [25] suggested
a novel activation function and an evolutionary strategy to
obtain optimized weights and biases of ELM for predicting
credit scores. Priya et al. (2018) [26] suggested a new hybrid
method based on Weighted ELM and Weighted ELM with
bacterial foraging optimization (BFO) for predicting Hepati-
tis disease. To handle classification data with an unbalanced
nature of class distribution, weighted ELM is proposed. The
basic goal of weighted ELM is to raise the classification rate
by computing and assigning the relevant weight value to
each training sample. To maximize the classification accura-
cy, the approach is additionally linked with the weighted
ELM. The new stock price prediction approach developed by
Li et al. [27] is based on a trading signal mining platform
that employs ELM to combine two different types of market
information sources, namely stock prices and market news.
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Khuwaja et al. (2019) [28] developed a framework to
convert attributes using phase space reconstruction (PSR)
and extract the phase space correlations between them to
model the price movement to anticipate the movement of the
stock price. The suggested framework has been tested
against 100 equities in the Borsa Istanbul (BIST) exchange.
From the historical data used in the previous studies, twenty-
five (25) technical indicators were taken into consideration
as inputs for our approach. The PSR transformation is ap-
plied to the top two features from each category as chosen by
the feature selection method. Das ef al. (2021) [29] devel-
oped a new strategy for predicting stock market effective-
ness; it was developed by combining a modified crow search
algorithm (CSA) and ELM. By resolving 12 benchmark is-
sues, it is demonstrated that the suggested improved CSA,
known as Particle Swarm Optimization (PSO)-based Group
orientated CSA (PGCSA), outperforms other current algo-
rithms. The PGCSA method is employed to obtain pertinent
weights and biases of ELM to increase the efficacy of tradi-
tional ELM. Using performance metrics, technical indica-
tors, and the hypothesis test (paired #-test), it is possible to
observe how the hybrid PGCSA ELM model affects the pre-
diction of the closing price of seven different stock indices
on the following day (Table 1).

2.2. Extreme Learning Machine

ELM is an SLFN with a simple three-layer structure that
consists of an input layer, an output layer, and a hidden layer
with a significant number of nodes for nonlinear processing.
Fig. (1) shows the framework of ELM. The hidden nodes are
launched at random, network characteristics are fixed, and
connection weights must be learned. When compared to
FNN, the advantages of ELM have been proved on a wide
range of challenges in diverse disciplines [30]. It is based on
experimental risk minimization, where the biases and
weights that are initially produced randomly characterize the
weight at the output layer [31]. However, it provides more
effective generalization at a faster learning rate. For N
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training samples (X.,7,), the data models x, €R"and target
g samp i i

1

value 7, ER". The mathematical formulation of ELM is as
follows:

L
0; = Ei:l Wl.gi(wl_.xj +b), j=12,.,N (1)

Where, - weights between hidden and input layer. f; is
the weight for layers of output and hidden. is the biased term

.th .
of 1 ! the hidden node. activation functions. - is the output of
ELM. L - number of hidden neurons. The N samples can be

i ith ] Y 0.1f
estimated with zero error. i.e Ei=l| z, — yi| =0. /J’l., w;
and bj exist such that,

Hw=o0 (2)

Where,

g(w.x, +b) L g(w, .x +b)

H = : : 3)
g(wI X+ b])

g(WH.xN +bH) it

The output layer is designed as below,

..........

output matrix. The existence of indicates that the ELM mod-
el with hidden nodes (L)can learn these training samples

(N) so that,

L .
zj = Eizlwigi(wi.xj +bl_), j=12,.,N “4)

Where, 7 is the target vector. The above equation can be
written compactly in the matric vector form as follow,

Hidden
neurons

Input
neurons

Output
neurons

Fig. (1). Framework of ELM. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).
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Table 1. Technical Indicators.
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S.No Name of Technical Formulas Descriptions
Indicators
| Simple Moving MV = Xp+x3+ 0+ x, The average value of specific 't’ days
Average (SMV) - n
) 10-days Moving MV, = X+ X+t x The average value of the last 10 transaction
Average o~ n days
3 Momentum M=C—C, It i§ measuring the sum of prices over given
period length
Stochastic determining the velocity of price
. Ce—LL—y variation. The comparative position of the
4 Stochastic (K%) STCK = ——— %100 . . . Do
HH, ,—LL,_, current closing price in a certain period is
calculated
n-1 . .
5 Stochastic (D%) STCD = Yico Ki—19 Specify the three days moving average
6 Relative Strength Index | _ 100 — 100 It measures the speed and movement of the
(RSI) 1+ (TP UP_y /n)/(ERs) DW=y /n) price which ranges between 0 to 100.
H —C It computes overbought and oversold levels
7 Williams (%R) Lw = Hn——Lt X100 and is used to control market entry and exit
nom opportunities.
Moving Average Con- 2 MACD is to match up to the short-term and
8 vergence Divergence = MACD(n);_1 + 1 (Diff; — MACD(n);—,) long-term momentum of a stock to calculate
(MACD) approximately its future direction
It assesses the present price level relative to
9 Commodity Channel ccl = M, — SM, %100 an average price level over a certain length
Index (CCI) 0.015D, of time to determine a new movement or
warn of severe conditions.
10 Price Oscillator (PO) PO = MA;5 — MAqo PO i§ showing the relationship between two
MAjg moving averages.
Hw=t¢t (%) outputs so close to the desired output, the network is given a

= [0 s

¢t Jis the target vector. The above equation
becomes a linear parameter system because the input weights
and hidden layer bias were determined randomly at the start
of learning, and the least norm least squares solution of the

linear constraint system is:
w=HTt (6)
where F tis the Moore—Penrose generalized inverse of

H.

2.3. Deterministic-based Elm (DELM)

The ELM's weights and biases are altered using the
DWM to boost generalization efficiency and prediction pre-
cision. During the learning process, DWM aims to controlla-
bly change the weights and bias. With the minimum error
signal and fastest convergence time, it can find the global
solution. By deterministically modifying the weights and
bias to produce outputs that are nearly identical to preferred
outputs, the aim is to reduce system error [32-34]. To get the

weight modification. The predictable output for the next iter-
ation is predetermined, and the learning procedure has re-
treated to ascertain the corresponding change in the weights.
The solution is derived using certain approximations since
the reverse computation takes too long. The output after this
one will likely be close to what was anticipated after the
change compared to the current iteration. Consider the cur-
rent iteration to be the i/ iteration, and the output error for a
definite output neuron, say 'O’ is more than the MSE.

EO(i) = % Z:l[tpo - ypo(i)]z = ? @)

The aim of weights wy, (i + 1) adjustment is to relate to
this output 'O’ close to the target output, which is defined as
follows,

Ypo(i + 1) = ypo () + B(tp (D) — ¥po (1)) = Btpo (D) +
(1 =PB)0poz (3

Where, 0 < 8 < 1 for all data samples 'P’.

The output is to obtain the following iteration's weights
from the previous equations,
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Yo+ 1) = f(ZKawio(+ DI+ D) 9
And thus,

s Ao (i + 1) T+ 1) = £ (10)
Where,

gpo = F 7 (Wpoli + 1)) = oy wieo () Fie G + 1) (1)
7@ =in(Z) (12)

So, weight matrices to calculate Aw,, (i + 1) as follows,

S b1 €po Fpr(i+1)

Ao+ 1) = =775
=1Yp

(13)
For each hidden neuron, both Aw,,, (i + 1) and errors are
calculated as follows,

. . 2
EPG+1D) =350 Ity — w0+ D] (14)

An error is choosing greater than the average error,
which is then decreased thoroughly by affecting the results
of the output layer. In the output neurons, t,,, is the target,

and the expectable output is ypo (i) + B(tp (1) — ypo (D)) . B
is too near to one, which can cause unnecessary behavior.
When f is set to 1, the target value will then be the predicta-
ble output. In addition, it is difficult for the system to pro-
duce the desired result in one cycle.

2.4. Convolutional Neural Network (CNN)

The sentiment analysis module in this study uses the
CNN model presented by Kim to categorize comments [35].
The CNN is separated into three parts, such as input, convo-
lution, and classification layer [36]. An is the text word vec-
tor matrix that works as the input layer, where is the number
of distinctive phrases for each text and is a result of data pro-
cessing. To convolve the word vector matrix, the convolu-
tional layer initially passes over the convolution kernel W of
length specifically:

= *
ti = f(w Si i+h-1 +b) (15)
S ih- is a continuous text section made up of phrases

-th . . . .
I through phrase. * is the convolution operation. f and is

the nonlinear function and bias term. Then, the training
speed is normalized using the batch normalization (BN) al-
gorithm. To lower the dimensionality and maintain a con-
stant number of features, maximum value pooling is per-
formed. The classification layer uses the BN algorithm to
prevent changes in data distribution and the softmax layer to
determine the classification probability. The probability is
used to categorize stock market comments and is determined
as follows:

eXTWj+bj
P=Pu=jlXp=—— L (16)
EZL 1eX Wj+bj
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J _ denotes the probability of j th class text. - is the in-
put of the classification layers. W - is the weights matrix.
and b . is the offset element and bias term. L - is the num-

ber of classes.

3. PROPOSED SENTIMENT ANALYSIS BASED ON
ENHANCED ELM

The proposed research work has two contributions, and
Fig. (2) shows the flowchart of the proposed SDELM meth-
od. The benefits of the work are suggested, including inves-
tor sentiment in the model's stock prediction in order to in-
crease its ability to predict. We specifically use sentiment
analysis to determine the sentiment index from a huge num-
ber of stock market remarks that are categorized as either
bullish or negative. The sentiment orientation of investors as
a whole is reflected in these comments. After being inspired
by this concept, we use a sentiment index, which accurately
predicts shareholder behaviors, along with historical stock
price data as the input for our stock market prediction en-
gine. The stock closing prices, which can be impacted by
many different factors and exhibit significant uncertainty and
nonlinear properties, are predicted using the enhanced ELM.
An initial goal is to perform a group that incorporates user
sentiment opinions for the historical data about the stock as
one element in predicting the price of the company. Based
on the amount of daily bullish and bearish made by several
users, the SI is created.

Consequently, to determine the group sentiment tendency
and calculate the SI, we must first recognize the proper sen-
timent categorization of the individual stock review. Models
called word2vec can un-supervise and learn semantic infor-
mation from a lot of text. Words must be mapped from the
old space to the new space for word2vec to perform. In par-
ticular, by learning the text, the word vector is created to
represent the semantic information of each word, and the
semantically related words are assigned to similar distances.
In this study, softmax normalization and cosine similarity are
observed using the Skip-gram in word2vec.

First, word2vec is developed to learn high-dimensional
vector representations of phrases from large-scale stock
comment corpora. The outcome is immediately applied if the
phrase in the stock comments is to be categorized. If not,
word2vec initializes it randomly. Following that, CNN will
be given the word vectors, which denote the preprocessed
text. Next, using a CNN enhanced by word2vec, we generate
the SI for the group's sentiment analysis. Based on the total
number of positive and negative comments made each day,
the SI for the day is determined. It is shown by the group
sentiment analysis, which might indicate the investor's gen-
eral emotional inclination. To determine the daily SI for the
stock, we employ the approach suggested by Antweiler and
Frank [37].

bullish

B [[ i+ Mt bearish

/1+M, (17)

where is the SI at the time 7 and and 1+ Mtbearish ,
which are determined by the number of bullish and bearish
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< start )
Collecting the financial data and user comments

v
v .

Sentiment data Historical data

Historical data

word2vec

Comments are classified using CNN

Technical indicators

v

Normalizing the data

v

Splitting the data

v
v v

Training data Testing data
v

Weights and bias optimization using
DWM

v

Train the prediction method

A

Test the prediction method

v

Prediction results

v

C =

Fig. (2). Flowchart of proposed SDELM scheme. (4 higher resolution / colour version of this figure is available in the electronic copy of the
article).

remarks, respectively. The index considers how bullish and
bearish remzﬁks havz affected investor sentiment over time, 4. EXPERIMENTAL RESULTS

and changes in the index's direction are proportionate to the This section tests the ability of the proposed sentiment-
weights given to bullish and bearish stock valuation views. based DELM to estimate future prices using a set of standard
stock datasets. It is believed that the value of the predictor
with the lowest MAE and RMSE and high MAPE and R” has
the best performance. The analysis findings are implemented
using MATLAB R2015b. The performance of the S-DELM
is related to some prediction methods, including DELM,
GAELM, ELM, SVM, and BPNN over the four different
datasets, namely S & P Sensex, Nifty 50, SBIN, and ICICI
bank datasets. Four different performance measures are con-
sidered to analyse the ability of the S-DELM methods.

The index is positive, and the general tendency is charac-
terized as bullish when more comments reflect bullishly. On
the other hand, if more comments are expressing bearish
sentiment than positive sentiment, the SI is negative and the
overall mood is pessimistic. The size of the SI reveals the
degree of inclination to a particular category and the positive
or negative. reflects the group of sentimental orientation.
Finally, the SI is considered as input to the prediction with
their historical prices for predicting stock prices of the stock
market using S-DELM.
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Fig. (3). Hidden neurons vs. MSE. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

4.1. Datasets

Two different experimental datasets are gathered, includ-
ing the historical data and the comment dataset that calcu-
lates the SI. The stock comment dataset consists of a final
comment that must be classified to determine the SI as well
as comments for training the model. First, StockTwits
“(https://stocktwits.com/)” comments made by stockholders
were utilized to train the model. Investors have the option of
marking the comment as bullish or bearish, even if Stock-
Twits is a well-known public platform for depositors. As a
result, it is possible to collect a great number of extremely
precise comments.

For training purposes, we crawl the site's 96,903 com-
ments. The historical datasets choose four features, including
the open, high, low, and closing prices. Two stock indices
are the S&P BSE Sensex and the Nifty 50. State Bank of
India (SBIN) and ICICI Bank (ICICI) are two Indian stock
bank prices that were retrieved from Yahoo [38]. Datasets
between January’2015 and December’2022 are included.
The gathered datasets are split into training and testing phas-
es. About 30% of the total datasets are evaluated for testing,
and the remaining 70% are considered for training. The scal-
ing is done as follows

Xl — Xl Xmm (X

max —

Xmin) + Xmin (18)

Xmax_Xan
Where, 2. - the minimum, $3.. - maximum target val-
ue and are real input data.

4.2. Parameter Settings

A combination of layers, including input, hidden, and
output layers, makes up the ELM algorithm. Based on spe-
cific applications, the input and output layer neurons are ex-
plained. The ten technical indicators discussed in this article
can be considered input neurons for one output neuron, such
as the closing price or index. The number of hidden layer
neurons is important in the SLFN model, whereas the ELM
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method only has one hidden layer. The prediction effect will
be reduced since few neurons will result in under-fitting, and
too many will provide over-fitting. To determine a better
number of nodes, this study continuously evaluates and up-
dates the network's hidden layer node count. The ELM net-
work's chosen maximum hidden neurons are 100. However,
the optimal neurons are selected based on Fig. (3). Accord-
ing to Fig. (3), the learning model's MSE is the smallest
when there are 35 hidden neurons. A stopping error of
0.0005 has been stated.

The results are computed from an average of 30 inde-
pendent runs. The activation function of ELM also has an-
other important role to decide prediction accuracy. The sig-
moid function is employed as input and output phase activa-
tion functions. The maximum number of epochs is set to
1000. When choosing the best values, the two parameters in
the DWM algorithm also determine the forecast accuracy.
Hence, both values are set as based on [32].

4.3. Performance Measures

The performance is measured with four methods, namely
Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), and R-
Square , which are determined as follows,

RMSE = E i=»i) 2 (19)
Nl—l
1 N
100 x> | (7 =)
MAPE =~ 2 ‘ on
R2=1— (%Zli\,:ﬂlﬂ—)-’i)z)/N (22)

(FIN,Gi-702)/N
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Where, and are the target value and predicted output, re-
spectively. is the total number of data points. y; is the mean

of real values. The value of R is closer to 1, stronger ability
and better the model.

4.4. Results Analysis

The stock market prediction is typically regarded as one
of the most difficult issues in time-series prediction due to its
characteristics of noise and volatility. The main goal of the
current research work is sentiment-based DELM, which is
covered in this section. The SI is calculated using a CNN-
based classification algorithm which is used as an input with
historical datasets for predicting the stock price using en-
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hanced DELM, which is enhanced by DWM. The experi-
mental results analysis is discussed in this present section.
The results are shown in Tables 2-5. The graphical represen-
tation is shown in Figs. (4-7) for S &P Sensex, Nifty 50,
ICICI, and SBIN bank datasets, respectively. The results
indicate that the S-DELM prediction method produced a
high performance for all the datasets when compared with
literature prediction methods. For all performance measure-
ments, for instance, the S &P Sensex dataset is taken into
account in this discussion part. The designed S-DELM tech-
nique produced a low RMSE score of 0.0095 when measured
against all other algorithms. Moreover, 0.0109, 0.0122,
0.0134, 0.0149, and 0.0188 were similarly produced by the
DELM, GAELM, ELM, SVM, and BPNN, respectively.
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Fig. (4). Performance of the ICICI dataset. (4 higher resolution / colour version of this figure is available in the electronic copy of the arti-
cle).
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Fig. (5). Performance of the SBIN dataset. (4 higher resolution / colour version of this figure is available in the electronic copy of the
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The developed S-DELM technique produced a low MAE
value of 0.0051 when measured against all other algorithms,
0.0056, 0.0064, 0.0073, 0.0089, and 0.0094 are the results of
the DELM, GAELM, ELM, SVM, and BPNN, respectively.
The designed S-DELM technique produced a high MAPE
score of 7.67 when measured against all other algorithms.
About 6.72, 5.08, 4.84, 5.08, and 5.67 were produced by the
DELM, GAELM, ELM, SVM, and BPNN, respectively. The
designed S-DELM technique produced a high MAPE score
0f 0.9794 when measured against all other algorithms. About
0.9537, 0.9381, 9072, 0.8567, and 0.7925 were produced by
the DELM, GAELM, ELM, SVM, and BPNN, respectively.

According to the overall experimental results, the devel-
oped sentiment-based enhanced ELM called S-DELM pro-
duced high prediction accuracy and fast convergence. Hu-
man elements are not excluded as hypotheses in the pro-
posed model; hence theoretical research includes behavioural
analysis. According to our hypothesis, the stock price is sig-
nificantly influenced by the investor's irrational behaviour in
addition to the company's intrinsic worth. In other words, the
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price choice and its fluctuations in the securities market are
significantly influenced by the psychology and behaviour of
the investor. In our S-DELM model, sentiment analysis is
the key to a bullish or bearish interpretation of stock reviews,
and the addition of SI adds to the investor's general emotion-
al inclination, considering variables that influence the stock
price. The two components that contribute to the results' im-
provement are (1) behavioural finance, which considers the
impact of emotional factors on stocks, and (2) better ELM
with DWM, which pays greater consideration to obtain op-
timal weights and biases.

CONCLUSION

In this study, a sentiment-based DELM (S-DELM) for
stock market forecasting is proposed. However, the ELM has
many limitations due to random initialization of bias and
weights, and human emotion regarding stock prediction can
help enhance prediction accuracy. Hence, we combine user
sentiment and DWN with ELM for predicting stock price
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Table 2. Performance results of the Nifty 50 dataset.
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Approaches RMSE MAE MAPE R’
S-DELM 0.0095 0.0492 7.67 0.9794
DELM 0.0109 0.0563 6.72 0.9537
GAELM 0.0122 0.0649 5.08 0.9381
ELM 0.0134 0.0739 4.84 0.9072
SVM 0.0149 0.0089 5.08 0.8567
BPNN 0.0188 0.0094 5.67 0.7925
Table 3. Performance results of the S&P Sensex dataset.
Approaches RMSE MAE MAPE R?
S-DELM 0.0493 0.3264 7.5417 0.9733
DELM 0.0585 0.0391 6.374 0.9672
GAELM 0.0758 0.0467 4.6781 0.9433
ELM 0.0836 0.0574 3.6756 0.8917
SVM 0.0873 0.0736 2.9547 0.8363
BPNN 0.0955 0.0844 2.4582 0.8224
Table 4. Performance results of the SBIN dataset.
Approaches RMSE MAE MAPE R?
S-DELM 0.0094 0.0064 7.9517 0.9607
DELM 0.0201 0.0072 6.9475 0.9407
GAELM 0.0212 0.0078 6.2670 0.9164
ELM 0.0218 0.0084 5.7561 0.8568
SVM 0.0285 0.0078 4.0675 0.8105
BPNN 0.0389 0.0085 3.9472 0.7528
Table 5. Performance results of the ICICI dataset.
Approaches RMSE MAE MAPE R’
S-DELM 0.0094 0.0049 5.2203 0.9561
DELM 0.0285 0.0058 4.8069 0.9217
GAELM 0.0257 0.0061 4.0881 0.8964
ELM 0.0385 0.0066 3.8347 0.8419
SVM 0.0495 0.0075 3.2619 0.8452
BPNN 0.0438 0.0088 2.8342 0.8104

prediction. Expressly, the SI is utilized to consider the in-
vestor's emotional tendencies. DWM is applied to optimize
the connection weights of ELM. The experimental result
clearly shows that the proposed S-DELM made high predic-
tion accuracy when matched with literature algorithms.
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Abstract: Background: The prediction of the stock price is considered to be one of the most fas-
cinating and important research and patent topics in the financial sector.

Aims: Making more accurate predictions is a difficult and significant task because the financial
industry supports investors and the national economy.

Objectives: The DWM is used to adjust the connection weights and biases to enhance prediction
precision and convergence rate. DWM was proposed as a method to reduce system error by
changing the weights of various levels. The methods for predictable changes in weight were pro-
vided together with the computational difficulty.

Methods: An extreme learning machine (ELM) is a fast-learning method for training a single-
hidden layer neural network (SLFN). However, the model's learning process is ineffective or in-
complete due to the randomly chosen weights and biases of the input's hidden layers. Hence, this
article presents a deterministic weight modification (DWM) based ELM called DWM-ELM for
predicting the stock price.

Results: The calculated results showed that DWM-ELM had the best predictive performance,
with RMSE (root mean square error) of 0.0096, MAE (mean absolute error) of 0.0563, 0.0428,
MAPE (mean absolute percentage error) of 1.7045, and DS (Directional Symmetry) of 89.34.

Conclusion: The experimental results showed that, in comparison to other well-known prediction

algorithms, the suggested DWM+ELM prediction model offers better prediction performance.

Keywords: Stock price prediction, prediction accuracy, convergence rate, extreme learning machine, deterministic weight

modification, mean absolute error.

1. INTRODUCTION

The topic of stock price forecasting frequently arises in
finance, statistics, computer science, and commerce. The
stock market analysis, which involves compiling, organizing,
and integrating a variety of important data, can help in com-
prehending and predicting the direction of stock prices as
well as in selecting the best investments to minimize risks
and maximize benefits. We can manage the stock market
effectively and direct it in a healthy direction, which will be
a powerful support for the economy's long-term growth if we
can accurately and quickly forecast peak movements and
stock prices [1]. As a result, studying stock forecasts can
assist investors in choosing profitable ventures that enhance
both the nation's and the world's economies. Forecasting
stock price is challenging due to the stock's stochastic nature
and unpredictable behavior, and time series analysis of data

*Address correspondence to this author at the Department of Computer
Science, Avinashilingam University for Women, Coimbatore, Tamilnadu,
India; E-mail: selvi.vss@gmail.com

1872-2121/23 $65.00+.00

appears to be ineffective in capturing discontinuities, non-
linearity, and large dataset complexity [2].

Early stock price predictions are made using statistical
approaches. So, it is impossible to identify the complexity of
stock market businesses using typical statistical methods [3,
4]. Stock analysts and investors have looked at several ma-
chine learning (ML) methods for stock price prediction and
making different trading decisions to address the limitations
of the aforementioned statistical methodologies. Many ML
techniques are used to replace traditional statistical tech-
niques [5-7]. The artificial neural network (ANN) is a cate-
gory of ML and has been applied for stock prediction [8].
ANN is the most proficient technique and has been found to
be more effective in handling nonlinearity, and many meth-
ods are applied to forecast stock prices [9-14]. However, due
to the complexity of the stock market data, the old method
has some drawbacks, including a low convergence rate, poor
prediction accuracy, and potential for falling into local opti-
ma. The weights and biases, which are based on the integra-
tion of random weights and biases, also affect how well the

© 2023 Bentham Science Publishers 1
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prediction model performs. Hence, for an effective result, it
has to be tuned better.

Huang et al. proposed a new technique to train SLFNs,
and the resulting model was called the ELM. The ELM has
many advantages, such as high training speed, simple struc-
ture, and high generalization ability [15]. It also prevents a
lot of problems compared to the other gradient-based learn-
ing methods. In this model, hidden biases and connection
weights between input and hidden layers are both initialized
with random numbers. To determine the connection weights
between hidden and output layers, the Moore-Penrose in-
verse is utilized (referred to as hidden-output link weights).
Hence, it does not require iterative training and may be
trained in a single step. Due to the weights and biases' ran-
dom initialization, it occasionally may not deliver the best
training accuracy, leading to poor testing accuracy. Moreo-
ver, the hidden layer needs more neurons than other SLFNs,
which lengthens the testing period for untested samples.

In this study, the DWM algorithm is designed to improve
ELM performance by modifying weights and biases for
quick learning and strong global search -capabilities.
Throughout the ELM training process, it is intended to adjust
the network weights and bias in a deterministic manner. By
deterministically changing the weights of a multilayered
feedforward neural network, ELM with DWM is utilized to
decrease system error. The worst input-output pair, or the
input pattern and its associated output that produces the big-
gest mean squared error, is chosen, and the weights of that
pair are adjusted by taking into account the predicted output
and system error. According to simulation data, DWM+ELM
typically performs better than other popular modified ELM
approaches in terms of convergence rate and percentage of
global convergence. Finding the optimum combination of
weights and biases would help the ELM model perform
better, which is the objective of optimizing weights and
biases in ELM for stock market prediction. The main goal
is to reduce the loss function or prediction error. This en-
tails identifying the optimal weights and biases that pro-
duce the most precise stock price forecasts or related finan-
cial metric projections. The research's contributions include
the following:

e The DWM is utilized to improve ELM abilities and pre-
diction accuracy.

e DWM+ELM will eliminate the randomness of the origi-
nal ELM by evaluating the input weights and biases ra-
ther than assigning them at random.

e Applying the DWM+ELM strength analysis to four dis-
tinct stock market datasets.

e The performance of the prediction algorithm is meas-
ured using different performance metrics and compared
with benchmark prediction methods.

The paper is systematized as follows: Section 2 of the
study discusses relevant works. In section 3, the architecture
of ELM is defended. In section 4, the DWM is described in
great detail. Section 5 of the recommended DWM+ELM is
covered. The experimental results are described in section 6,
and the conclusion is presented in section 7.
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2. RELATED WORKS

Stock prediction is a most motivating research area since
successful predictions of the market's future program yield
significant gains. ML algorithms have been used in several
scientific projects, including stock market prediction. For
instance, Weng et al. (2020) [16] developed an improved
online ELM used to forecast gold prices. The global optimi-
zation of GA can successfully determine the output layer
weight and hidden layer threshold. The created optimized
ELM has a high level of performance, as seen by its low
RMSE of 7.5, high MAPE of 0.0043, and high MdAE of
4.0925.

Li et al. (2021) [17] presented an enhanced CS approach
to improve the efficacy of employing renewable energy,
which is recommended for accurately forecasting short-term
wind output. The adaptive flying step adjustment method
enhances the capacity for both regional development and
global exploration. The periodic flight migration technique
also keeps the population variation of the CSA algorithm
from being stranded in regional extremes. The suggested
model's RMSE and MAPE values were kept below 20% and
4%, respectively.

Das et al. (2021) [18] developed a stock market predic-
tion approach by incorporating a modified CSA and ELM.
The PSO-based Group-oriented CSA (PGCSA) method, a
suggested modification of the CSA, was used to obtain ap-
propriate weights and biases of ELM to increase the efficacy
of ELM. Using performance metrics, technical indicators,
and hypothesis testing, the effect of the hybrid PGCSA-ELM
on the prediction of the closing price of seven distinct stock
indices on the following day was observed (paired t-test).
The developed method achieved high performance, such as
MAE of 16.39, MSE of 410.53, and MAPE of 0.9264.

Tripathi et al. [19] (2020) developed a new mixed-
kernel-based ELM called MKELM for binary classification.
First, a linear combination of the RBF and the polynomial
kernel was employed. Then, an MKELM-RF (MKELM-
based Random Forest Binary Classifier) was built. The bat
optimization technique was developed to find a unique acti-
vation function with an evolutionary method to obtain opti-
mum weights and biases. The developed technique achieved
86.98% accuracy, 86.94 sensitivity, 87.25 specificity, and
86.95 g-mean.

Chandar et al. (2020) [20] developed a new method of
predicting stock market prices based on an optimized Elman
neural network (ENN) using Grey Wolf optimization
(GWO), which is used to determine the ENN parameters.
Optimized ENN was utilized to predict the future price of
stock data 1 day in advance, which obtained the very lowest
MSE, such as 0.0009.

Selvamuthu et al. (2019) [21] developed a new stock
market prediction model based on ANN-optimized different
learning methods. The performance of the Levenberg-
Marquardt (LM), Scaled Conjugate Gradient (SCG), and
Bayesian Regularization (BR)-based neural networks for
stock market prediction using tick data and 15-minute data of
an Indian business was compared. In comparison to findings
produced with tick data, the accuracy across a 15-minute
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dataset lowered to 96.2%, 97.0%, and 98.9% for LM, SCG,
and BR, respectively.

Wu et al. (2021) proposed a combination of ELM- and
DWT (discrete wavelet transformation)-based denoising to
predict the trend [22]. DWT was used to remove noise from
stock market data then denoised data was considered as in-
puts to the ELM. The forecast results of the suggested tech-
nique provided a high accuracy of 96.55%, which is a solid
demonstration of the effectiveness of DWT-based denoising
for stock movements.

Tang et al. (2020) [23] developed a new optimization
ELM based on the differential evolution (DE) method for
stock index prediction. The designed hybrid model applied
ensemble empirical mode decomposition (EEMD) technolo-
gy to the residual item after applying variational mode de-
composition (VMD) to the stock index price to produce dif-
ferent modal components. The final prediction results were
then obtained by superimposing the DE-ELM model's pre-
dictions for each modal factor and the residual element. The
developed method produced high performance based on dif-
ferent performance measures with eRMSE as 22.6078,
eMAE as 16.8280, and eMAPE as 0.0057.

Khuwaja et al. [24] (2019) developed a new stock
movement prediction method based on ELM and PSR (Phase
space reconstruction). The feature transformation method
used by the framework, which calculates the information
distance from the changed features, reflects the novelty of
the framework. To forecast the movement of the stock price,
the distance from the phase space dimensions was modeled
using ELM. According to the experimental findings, the
framework increased F-measure values for predictive per-
formance by 4.5%.

Cui et al. (2022) [25] developed a new forecasting short-
term traffic flow method based on a two-stage hybrid ELM
model. To increase the effectiveness of the global optimum
value search, the initial population distribution of the gravita-
tional search algorithm (GSA) was determined using the
PSO. The hybrid forecasting model was trained in a data-
driven manner in the second stage using the outcomes of the
first stage rather than the network structure parameters that
the ELM produced at random. The suggested model's respec-
tive RMSEs were 288.03, 204.09, 220.52, and 163.92, while
its respective MAPEs were 11.53%, 10.16%, 11.67%, and
12.02%. Experimental findings showed that our suggested
model performed better than others.

Chen et al. (2022) [26] used the chaotic and complicated
carbon futures price prediction to illustrate the effectiveness
of this three-stage forecasting technique. In order to break
down the price of carbon futures into a few intrinsic mode
functions (IMFs) and one residue, we first used the EEMD
approach. The IMFs and residue were then rebuilt using the
fuzzy entropy and K-means clustering techniques, yielding
three reconstructed components: a high-frequency series, a
low-frequency series, and a trend series. Third, the stationary
high and low-frequency series were implemented using the
ARMA model, whilst the stationary trend series were done
using the ELM model. According to empirical findings, the
suggested reconstruction algorithm can increase prediction
accuracy by more than 40% when compared to the conven-
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tional fine-to-coarse reconstruction method within the same
forecasting framework.

The performance prediction accuracy, low convergence
rate, and potential for both overfitting and underfitting are all
greatly impacted by the ELM parameters. Hence, tuning the
ELM parameters is, therefore, a crucial step in achieving
improved generalisation performance. The literary approach
performs quite well, but it suffers from a number of short-
comings, such as poor convergence rates, local optima, and
premature convergence.

3. EXTREME LEARNING MACHINE

ELM is an effective SLFN and has the ability to handle
non-linear information. In ELM, hidden nodes are deployed
at random, network characteristics are fixed, and connection
weights must be learned. The advantages of ELM have been
proved on a wide range of challenges in various domains. It
is based on experimental risk minimization, where the biases
and weights that are initially produced randomly characterize
the connection weight at the output layer of SLFNs [27]. So
far, it provides more effective generalization at a faster learn-
ing rate. An input layer serves as the foundation of ELM and
accepts the features or data points as input. A hidden layer
with a set number of neurons or units (commonly referred to
as hidden nodes) is introduced by ELM. The user selected
this quantity as a hyperparameter. The buried layer neurons'
weights and biases are created at random. These weights are
normally chosen at random, either uniformly or according to
a Gaussian distribution. By applying the activation function
to a linear combination of its input characteristics and asso-
ciated weights, each hidden neuron calculates its output. The
final predictions made by an ELM generally come from a
single output layer, which weights the outputs of the hidden
layer neurons.

As ELM does not need iterative optimization like gradi-
ent descent and as the hidden layer weights are initialized at
random, it is especially appealing. This makes it simple to
implement and computationally effective. However, depend-
ing on the activation function used and the quantity of hid-
den neurons, its performance can change and needs to be
customized for certain issues. The data points are denoted
as x; € R™, and the target value is represented as t; € R™.
The hidden nodes (N) and activation function g(x), which
are arithmetically considered as follows:

{{zlﬁigi(wi.xj+b) =Zi(i = 1,2, ..... m),]= 1,2,....n
(1)

Where, the connection weights between the hidden and
input layer are represented by w;. f;- is the weight for layers
of output and hidden. b - is the hidden bias. The N samples
can be similar to SLFN with zero error, i.e., Y, ||z, — ;|| =
0. If B;, w;and bjexist such that:

Z{{:lﬁi gi(Wi.xj + b) = 0]' (l = 1,2,3,4’, ..... ,n) (2)
The formula is reformed as:
HB =T (3)

The output matrix (H) is denoted as:
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gwy,xi+by) gwg,xi + bg)

H = : : : @)
gwy,xg+by) .. gwr, xy + bl .
B

H=]|": (5)
BIC Nxm
tf

T=|: (6)
¢T
N-Nxm

The w;, I;i’and [;’l- should be employed to train the SLFN
such that:

1H Wi, - B = T|| = minllH (wi b)-p = TH(E = 1,2,..N) (7)
The cost minimization function is as follows:

E = Zﬁyﬂ(zli\?ﬂ Bigi(wix; + b;) — tj)z (8)

Nonetheless, the ELM is a rather quick learning method;
thus, iterative parameter tuning is not necessary. Once the
input weights and hidden bias have been allocated at ran-
dom, the hidden output matrix H is unaffected. The SLFN
can be turned into a linear system solution (HB = T). The
output matrix weight § can be defined as follows:

B=H+tT ©9)

Where, H t is the Moore - Penrose generalized inverse
of the matrix (H) [27].

4. DWM ALGORITHM

The ELM's weights and biases are modified using the
DWM to enhance generalization efficiency and prediction
precision. During the learning process, DWM aims to adap-
tively change the network weights and biases. With the min-
imum error signal and fastest convergence time, it can find
the global solution. By deterministically modifying the
weights and bias to produce outputs that are nearly identical
to desired outputs, the aim is to reduce system error [28-30].
To get the outputs so close to the desired output, the network
is given a weight modification. The predicted output for the
next iteration is predetermined, and the learning procedure is
reversed to ascertain the corresponding change in the
weights. The solution is derived using certain approxima-
tions since the reverse computation takes too long. It is pre-
dicted that the output in the subsequent iteration will be close
to the expected output following the modification compared
to the existing iteration. If the present iteration is studied to
be the ith iteration and the output error for a certain output
neuron, ‘0’ is more than the MSE.

. 1 . E(i
Eo(i) = 3 %51 [tpo — Yo (D]? = 22 (10)

The purpose is to change the weights w;, (i + 1) associ-
ated with this output ‘O’ . The network weights will remain
unchanged, causing the output to method the expectable out-
put, allowing the network to escape the local minimum and
accelerate the rate of convergence.

Ypo(i+1) = ypp (D) + B(tp @ = ypo (i)) = Ptpo () +
(1—p)0ppz (11)
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Where, 0 < 8 < 1 for all data samples 'P’.

The output is to obtain the following iteration's weights:

Yo +1) = f (ZK_yWio(i + 1) Fpiei + 1)) (12)
And thus,

Tho1 Ao (i + 1) Fpie (i +1) = £ (13)
Where,

gpo = F 7 (Do i + D) = Th_y wio () Fpei +1) (1)

f7100) = (=) (15)

So, the weight is calculated as Aw,,(i + 1) by using
Eq. (4):

P - .
Ao (i + 1) = ZesppoYert) (16)

Y1 Tor(i+1)

The weights and errors are calculated as follows:

ESOG+1) =285, XM [tho — ypo (i + D] (17)

An error greater than the average is selected, and the er-
ror is then reduced systematically by disturbing the result of
the output layer. In the output neurons m, t,,, is the target,
and the expectable output is ypo(i) + B(tp(i) — ypo (D).
Needless behavior will result if § is too near to 1. When £ is
set to 1, the target value will then be the probable output. In
one cycle, it is problematic to train the structure to the de-
sired output. Algorithm 1 shows the process of the DWM
algorithm.

5. PROPOSED DWM+ELM

ELM is the way of learning that is the most quickly com-
pared to certain conventional ANNs algorithms. However,
randomly determining the input weights and hidden biases
may reveal the variability in the ELM's prediction perfor-
mance over iterations and indicate that the model is unstable.
The ELM will become more stable, and its prediction per-
formance will increase by taking into account the optimized
weights and bias values. However, its weight modification
method has a variety of limitations, including local optimum
and low convergence rate. Hence, the weights between the
output and hidden layers should be modified in a determinis-
tic manner, according to the current study. The DWM algo-
rithm is used to modify the connection weights and bias to
reduce the system error and output value from deviating
from predictions. DWM has improved global convergence
and the rate of convergence of ELM.

DWM can increase ELM ability since it adjusts the ELM
deterministically. An input with an error above the overall
mean is chosen for the DWM between the hidden and input
layers. The error is then significantly reduced by altering the
error in a deterministic manner and then immediately revers-
ing the learning to determine the weights in the input layer.
The system error is anticipated to be close to the predefined
one and smaller than the existing one. By adjusting the
weights between the hidden and input layers, DWM adjusts
the output value and system error to be close to the expected
results. Algorithm 1 and Fig. (1) show the framework of the
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Algorithm 1: Deterministic Weight Modification (DWM) algo- Algorithm 2: Step-by-step processes of the proposed frame-

rithm

works

While (converged)

Step 1: Initializing the required parameters

AE =[E()—E(i—t]/t

Step 2: Collecting financial information from a data source

If (AE < GT) and then

Step 3: The sample data is split into training sets and test sets after being
normalized (using the min-max method)

Forall P

Step 4: The DWM is employed in the beginning stages to determine the
best input layer weight and hidden layer threshold from the training

1
E,(+)= SM (4 =0 pm D)

sample data (Algorithm 1)

Step 5: The number of best-hidden layer neurons is determined by trial
and error.

*

p = minimum (Ep (i+1)

Step 6: The output layer's weight is updated continuously

End for

Note: (Fig. 1).

*
m  is selected randomly between and 1

Initialize the required parameters

v

For all k

Collecting the stock datasets

* — —
k= minimum (min(o » "% (i), 1 - 0 p "% (1))

v

Normalizing the data

End for

v

If then

Splitting the data

i+ =1-\2AEG)/PM

v
v v

Training data Testing data

v

Optimizing the weights of input and

0 p*m*
Else

0 i 1) = 2AE@/PM
End if

bias of hidden layer using DWM

v

(F 2 (0puma (i + 1)) = 2Ky Wy (i + 10 (D)

Ao i+ 1) =
Opee(E 4 1) TN CEED)

Train the prediction method

5p*k*(i +1) = Aap*k*(i +1)+ 6p*k*(i)

v

Test the prediction method

€ e = f 7 (0 i+ 1) = [ (0, 0)

v

Prediction results

For all n

Fig. (1). Proposed frameworks for stock price prediction.

AW (i +1) = E / YLIEC

proposed DWM+ELM method. Our suggestion, known as

End for

DWM-ELM, is based on an a priori DWM approach that
tries to increase (maximize) prediction accuracy over the

End if

training dataset while minimizing the number of hidden neu-

End while

rons. The same study has already been presented and
published at a conference [31], and this article expands on

that research. A Step-by-step of proposed frameworks is
shown in Algorithm 2.
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6. RESULTS

This section evaluates the DWM+ELM's ability to esti-
mate future prices using a variety of benchmark stock market
datasets. The analysis findings are implemented using
MATLAB R2015b. The DWM-ELM is compared with some
of the variants of ELM algorithms, including a novel GA-
based regularization online ELM called GA-ROSELM [16],
optimized GA-ELM (OGA-ELM) [32], self-adaptive evolu-
tionary ELM (SaE-ELM) [33], LM-ELM [34], ELM [35],
and BPNN [36].

6.1. Datasets

The DWM+ELM was developed to predict the stock
price. Two familiar Indian stock indices, such as Nifty 50
and S&P BSE Sensex and two Indian stock bank price da-
tasets, namely State Bank of India (SBIN) and ICICI bank
(ICICIBANK), were used for experiments. The datasets were
obtained from Yahoo [37]. The datasets were collected be-
tween January, 2015 and December, 2022, which were di-
vided into two phases, such as training and testing. Further-
more, 75% of the total datasets were used for training, and
the remaining 25% were used for testing. The dataset includ-
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ed the day's opening, high, average, and closing prices. To
employ neural networks to forecast future behavior, the
gathered raw datasets were converted into several relevant
financial technical indicators [38, 39]. Technical terms were
found to have a unique inherent quality that enables traders
to predict the closing price or index of stocks. To forecast
stock prices, essential technical indicators were employed to
extract the necessary evidence from the data. The objective
value of the model was the closing price of the stock data on
a particular transaction day. Scaling was carried out as fol-
lows:

' ' ' '

X +X.

Xi_Xmin . )
min 1

i~ (Xnax ~
Xmax_Xmin

(18)

Where, X,,,, and X, ;, are the maximum and minimum
values, respectively. X;, Xmin,,,, are present, maximum,
and minimum real input values, respectively. The particulars
of the technical indicator are defined in Table 1.

6.2. Parameter Analysis

The architecture of ELM is the combination of different
layers, such as input, hidden, and output layers. The neu-

Table 1. Technical indicators.
1\?& Technical Indicators Formulas Descriptions
i i X +x, + 0+ x
1 Simple Moving Average MV = el The average value of the number of days.
(SMV) n
- ' X X+t x .
2 10-days Moving MV, = e The average value for the previous ten days.
Average n
3 Momentum M=C—Ci, It measures the amount of stock price over a given period.
C. —LL Stochastic provides a benchmark for estimating the speed of
4 Stochastic K% STCK = =l %100 price reversal. At a particular time, frame, the modern closing
HH, , —LL,_, S L . .
price's position is measured relative to other prices.
. o Z?;ol Ki-19 0 i i 9
5 Stochastic D% STCD = —/—/———= D% stipulate the three days moving average of K%.
n
6 Relative Strength Index | _ 100 — 100 It is a movement oscillator that measures the rate and direc-
(RSI) 1+ (X UP—y /) /(XS5 DWi=1/n) tion of price movement on a scale from 0 to 100.
.y An opportunity to enter or exit the market is identified using
7 Williams %R LW = Hn_Lt x100 this momentum indicator, which also calculates overbought
n= En and oversold levels.
Moving Average 2 The purpose of MACD is to predict a stock's future direction
8 . Convergence = MACD(n),— + n+1 (Diff = MACD(n)—1) b}lfj n?;tching up to its shOIITJ- and long-term momentum
Divergence (MACD) '
Commodity Channel M, —SM, CCI compares the‘ curre‘nt price lev.el to the average price
9 CCl = =————x100 level over a certain period to identify new movements or
Index (CCI) 0.015D, . L
signal dangerous situations.
MA; — MA ial indi i i i
10 Price Oscillator (PO) PO = 5 10 An essential indicator that d}splays the relationship between
MAg two moving averages.

C,- Closing price; L.- Lowest price; LL,- Lowest Low; H,- High price; HH,-Highest high price; UP,- Upward price; DW,- Downward price.
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rons of the input and output layers are described based on
given applications. In the present article, ten technical indi-
cators are considered as input neurons and one output neu-
ron is considered closing price/index. The ELM algorithm
has a single hidden layer, and the quantity of hidden layer
neurons is crucial in the SLFN model. As few neurons will
lead to under-fitting while too many will result in over-
fitting, the prediction effect will be reduced. As a result,
this study continuously tests and modifies the network's
hidden layer node count to identify a better number of
nodes. The ELM network's chosen maximum hidden layer
neurons is 100, and the optimum number of hidden neurons
is selected based on the trial-error method. When there are
36 hidden layer neurons, the learning model's MSE is the
smallest.

The results are computed from an average of 20 inde-
pendent runs, which is shown in Fig. (2). The activation

041223224185
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function of ELM also has another important role in deciding
prediction accuracy. Hence, the present article chose the
sigmoid as the best activation function for ELM among four
different activation functions, such as sigmoid, tanh,
softsign, and ReLu. Its result is shown in Fig. (3). The termi-
nation condition is set to 0.0005. The maximum number of
epochs is set to 1000. In the DWM algorithm, the two pa-
rameters also decide the prediction accuracy when selecting
optimal values. Hence, the value of both is set as 1=
0.2 = 0.7, based on the previous study [28].

6.3. Performance Measures

DWM+ELM performance is measured using different
measures, namely Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and Directional Symmetry (DS).

Performance of activation fucntions

0.015 /".'\
0.01
0.005
0
Sigmoid Tanh Softsign ReLu
=—8=NMSE

Fig. (2). Performance of activation functions. (4 higher resolution / colour version of this figure is available in the electronic copy of the

article).
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Fig. (3). Selection of best-hidden neuron in a hidden layer. (4 higher resolution / colour version of this figure is available in the electronic

copy of the article).
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_ [iyw 2 Where, t(;) is the target value, y; is the predicted value,
RMSE = \/N (o —yw) (19) and 'N' is the total number of samples.
—1lyn
MAE = 53| — vl 200 7, pIscussioN

The primary data was gathered from a financial website

(21 that has basic attributes that were then transformed into tech-
nical indicators. The presented prediction methods for predict-

ing stock price consider the technical indicators as inputs. The

_ |woen |Coye)
MAPE = |ZRFL, =

100

— =N
bs = Li= di, d; results of comparing the prediction algorithms for the Nifty 50
1ty — taen) Ve = Vi) stock indices, S&P Sensex indices, SBIN datasets, and ICICI
= { ® OZ;;L)erW(il;e = (22) datasets are shown in Tables 2-5, respectively. Similar to this,

Table 2. Experimental results of the Nifty 50 Stock Indices.

Methods RMSE MAE MAPE DS
DWM+ELM 0.0096 0.0563 1.7045 89.34
GA+ROSELM 0.0102 0.0649 1.9503 87.81
SaE-ELM 0.0124 0.0739 2.3961 85.23
LM-ELM 0.0316 0.0792 3.0693 81.84
ELM 0.0139 0.0896 4.7291 78.34
BPNN 0.0158 0.0949 5.0718 72.89

Table 3. Experimental of the S&P BSE Sensex Stock Indices.

Methods RMSE MAE MAPE DS
DWM+ELM 0.0485 0.0391 1.4726 92.42
GA+ROSELM 0.0658 0.0467 2.8710 87.19
SaE+ELM 0.0726 0.0574 2.2826 82.26
LM+ELM 0.0816 0.0659 4.0372 78.92
ELM 0.0893 0.0736 5.2717 73.89
BPNN 0.0975 0.0844 6.7225 64.36

Table 4. Experimental results of the SBIN.

Methods RMSE MAE MAPE DS
DWM+ELM 0.0107 0.0069 1.2562 91.42
GA+ROSELM 0.0112 0.0075 1.9372 89.78
SaE+ELM 0.0118 0.0079 2.3810 85.91
LM+ELM 0.0251 0.0082 3.4821 81.03
ELM 0.0273 0.0086 4.8026 75.10
BPNN 0.0319 0.0092 5.1729 68.29

Table 5. Experimental results of the ICICI.

Methods RMSE MAE MAPE DS
DWM+ELM 0.0102 0.0061 1.5924 88.45
GA+ROSELM 0.0127 0.0064 1.8274 86.93
SaE+ELM 0.0192 0.0071 2.5901 83.67
LM+ELM 0.0218 0.0078 3.7392 80.91
ELM 0.0248 0.0085 4.0182 63.02
BPNN 0.0371 0.0092 4.9271 55.91
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the graphs in Figs. (4-7) show the performance comparisons
for the Nifty 50, S&P Sensex, SBIN, and ICICI datasets, re-
spectively. Four variant ELM algorithms and BPNN algo-
rithms were taken for numerical values compared to the pro-
posed method. However, for a better understanding of predic-
tion methods, three recently developed prediction methods
were considered, such as GA+ROSELM, OGA+ELM, and
SaE-ELM in graphical representation.

From the experimental results, the DWM+ELM method
produced higher prediction accuracy and faster convergence
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rate than other existing algorithms. As mentioned in Table 2,
the RMSE value for the suggested DWM+ ELM technique
was extremely low, i.e., 0.0096. The comparative algorithms
GA+ROSELM, SaE-ELM, LM-ELM, ELM, and BPNN gen-
erated the values of 0.0102, 0.0124, 0.0316, 0.0139, and
0.0158, respectively. The suggested DWM+ELM technique's
MAE value was a low 0.0563. The values 0.0649, 0.0739,
0.0792, 0.0896, and 0.0949 were produced by comparing al-
gorithms GA+ROSELM, SaE-ELM, LM-ELM, ELM, and
BPNN, respectively. The suggested DWM+ELM technique's
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Fig. (4). Performance results for Nifty 50 datasets. (4 higher resolution / colour version of this figure is available in the electronic copy of

the article).
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Fig. (5). Performance results of S & P Sensex datasets. (4 higher resolution / colour version of this figure is available in the electronic copy

of the article).
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Fig. (6). Performance results of the SBIN dataset. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).
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Fig. (7). Performance results of ICICI datasets. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

MAPE value was a low 1.7045. The values 1.9503, 2.3961,
3.0693, 4.7291, and 5.0718 were produced by comparing al-
gorithms GA+ROSELM, SaE-ELM, LM-ELM, ELM, and
BPNN, respectively. The suggested DWM+ELM technique's
DS value was very high that was 89.34. The values 87.81,
85.23, 81.84, 78.34, and 72.89 were produced by the compar-
ing algorithms GA+ROSELM, SaE-ELM, LM-ELM, ELM,
and BPNN, respectively. Similarly, from Tables 3-5, the pro-
posed DWM+ELM was produced with high accuracy. Similar
to what was observed in earlier tests, DWM-ELM was able to
attain accuracy levels that were on par with compared methods
while significantly reducing the number of hidden neurons. On
the other side, an increase in training time could be observed.

10

The accuracies were comparable when comparing DWM-
ELM with the recent variant ELM and BPNN. However,
DWM-ELM had a faster training process and fewer hidden
neurons. According to the experimental findings, the suggest-
ed DWM+ELM consistently outperformed existing prediction
methods when accuracy and convergence were taken into ac-
count. It is a good learning method, and it is exactly what the
customers or investors in the real trading market need.

CONCLUSION

The DWM+ELM learning model is proposed as a new
learning model for stock market prediction. The DWM algo-
rithm was used in the suggested method to optimize the
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ELM and improve prediction accuracy and convergence rate.
DWM-ELM eliminated the unpredictability of the original
ELM by evaluating input weights and biases rather than ran-
domly assigning them. In terms of RMSE, MAE, MAPE,
and DS, the performance was compared with recently sug-
gested different variants of the ELM algorithm and the
BPNN. Two stock indices and two stock market bank da-
tasets were used in the experiment. The experimental finding
showed that the suggested DWM+ELM technique achieved
higher prediction speed and accuracy. In the future, instead
of depending simply on price data, various market infor-
mation sources, such as news and blogs, can be used to ex-
tract public views to increase prediction accuracy.

DWM is a specific way of updating the model weights
without introducing randomness or adaptive learning rates
during training. However, DWM has the disadvantage of
occasionally being sensitive to the network's starting
weights. DWM might not be able to converge to a satisfacto-
ry solution if the initial weights are not selected appropriate-
ly. DWM also has the potential to be computationally costly.
This can make the software implementation of DWM chal-
lenging. On the other hand, swarm intelligence (SI) based-
optimization techniques encompass a broader range of algo-
rithms and strategies that aim to find optimal weight values
by iteratively adjusting the parameters based on the gradients
and possibly introducing randomness, adaptive learning
rates, and momentum to improve convergence and overall
training performance.

CURRENT & FUTURE DEVELOPMENTS

Even though ELM is recognized for having a faster
training pace than standard neural networks, computational
difficulties may still arise from very big datasets or overly
complicated structures. On the other hand, ELM may handle
outliers poorly by nature. Extreme occurrences can occur in
the financial markets, and if outliers are not properly
handled, they can have a substantial negative effect on the
model's performance. On the other hand, time series data
may be effectively modeled with Recurrent Neural Networks
(RNNs) and Long Short-Term Memory Networks (LSTMs)
to represent sequential and temporal relationships. Over
time, patterns may be seen in stock values, and deep learning
models are better than ELM in capturing these trends.
Abstract and hierarchical characteristics are automatically
learned from raw data using deep learning algorithms. This
can be useful for stock market prediction as it eliminates the
need for laborious human feature engineering since deep
learning models can extract pertinent features from the input
time series data.
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