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Lampiran 1. Confusion Matrix SVM linear 

Iterasi C TP FP FN TN Akurasi 

1 

1,0 363 118 126 499 77,94% 

1,5 364 117 130 495 77,67% 

2,5 365 116 128 497 77,94% 

5,0 363 118 130 495 77,58% 

2 

1,0 357 118 168 463 74,14% 

1,5 357 118 168 463 74,14% 

2,5 357 118 168 463 74,14% 

5,0 357 118 168 463 74,14% 

3 

1,0 372 101 145 488 77,76% 

1,5 372 101 145 488 77,76% 

2,5 372 101 145 488 77,76% 

5,0 372 101 145 488 77,76% 

4 

1,0 365 113 136 492 77,49% 

1,5 365 113 136 492 77,49% 

2,5 365 113 136 492 77,49% 

5,0 365 113 136 492 77,49% 

5 

1,0 382 111 141 472 77,22% 

1,5 382 111 141 472 77,22% 

2,5 382 111 141 472 77,22% 

5,0 382 111 143 470 77,03% 

6 

1,0 364 139 97 505 78,64% 

1,5 368 135 105 497 78,28% 

2,5 367 136 106 496 78,10% 

5,0 368 135 105 497 78,28% 

7 

1,0 371 123 145 466 75,75% 

1,5 371 123 145 466 75,75% 

2,5 371 123 145 466 75,75% 

5,0 371 123 145 466 75,75% 

8 

1,0 365 126 128 486 77,01% 

1,5 364 127 128 486 76,92% 

2,5 365 126 128 486 77,01% 

5,0 366 125 129 485 77,01% 

9 

1,0 382 128 131 464 76,56% 

1,5 382 128 131 464 76,56% 

2,5 382 128 131 464 76,56% 

5,0 382 128 131 464 76,56% 

10 
1,0 381 119 120 485 78,37% 

1,5 381 119 120 485 78,37% 



90 
 

2,5 381 119 120 485 78,37% 

5,0 381 119 120 485 78,37% 

 

 

  

C Akurasi 

1,0 77,09% 

1,5 77,01% 

2,5 77,03% 

5,0 77,00% 
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Lampiran 2. Confusion Matrix SVM kernel polynomial 

degree = 1 

Iterasi degree C TP FP FN TN Akurasi 

1 1 

1,0 364 117 128 497 77,85% 

1,5 364 117 128 497 77,85% 

2,5 365 116 130 495 77,76% 

5,0 363 118 128 497 77,76% 

2 1 

1,0 357 118 168 463 74,14% 

1,5 357 118 168 463 74,14% 

2,5 357 118 168 463 74,14% 

5,0 357 118 168 463 74,14% 

3 1 

1,0 373 100 151 482 77,31% 

1,5 373 100 153 480 77,12% 

2,5 373 100 152 481 77,22% 

5,0 372 101 148 485 77,49% 

4 1 

1,0 367 111 138 490 77,49% 

1,5 369 109 138 490 77,67% 

2,5 368 110 139 489 77,49% 

5,0 368 110 138 490 77,58% 

5 1 

1,0 381 112 143 470 76,94% 

1,5 382 111 141 472 77,22% 

2,5 382 111 143 470 77,03% 

5,0 382 111 141 472 77,22% 

6 1 

1,0 369 134 104 498 78,46% 

1,5 369 134 104 498 78,46% 

2,5 369 134 104 498 78,46% 

5,0 368 135 104 498 78,37% 

7 1 

1,0 371 123 145 466 75,75% 

1,5 371 123 145 466 75,75% 

2,5 371 123 145 466 75,75% 

5,0 371 123 145 466 75,75% 

8 1 

1,0 366 125 128 486 77,10% 

1,5 367 124 129 485 77,10% 

2,5 367 124 128 486 77,19% 

5,0 366 125 128 486 77,10% 

9 1 

1,0 382 128 131 464 76,56% 

1,5 382 128 131 464 76,56% 

2,5 382 128 131 464 76,56% 

5,0 382 128 131 464 76,56% 
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10 1 

1,0 381 119 120 485 78,37% 

1,5 381 119 120 485 78,37% 

2,5 381 119 120 485 78,37% 

5,0 381 119 120 485 78,37% 

 

 

degree = 3 

Iterasi degree C TP FP FN TN Akurasi 

1 3 

1,0 356 125 63 562 83,00% 

1,5 363 118 65 560 83,45% 

2,5 367 114 65 560 83,82% 

5,0 373 108 68 557 84,09% 

2 3 

1,0 376 99 95 536 82,46% 

1,5 384 91 96 535 83,09% 

2,5 384 91 93 538 83,36% 

5,0 377 98 84 547 83,54% 

3 3 

1,0 379 94 85 548 83,82% 

1,5 382 91 82 551 84,36% 

2,5 383 90 79 554 84,72% 

5,0 377 96 80 553 84,09% 

4 3 

1,0 378 100 90 538 82,82% 

1,5 377 101 86 542 83,09% 

2,5 381 97 92 536 82,91% 

5,0 382 96 94 534 82,82% 

5 3 

1,0 370 123 79 534 81,74% 

1,5 368 125 80 533 81,46% 

2,5 370 123 79 534 81,74% 

5,0 378 115 76 537 82,73% 

6 3 

1,0 378 125 61 541 83,17% 

1,5 385 118 61 541 83,80% 

2,5 386 117 64 538 83,62% 

5,0 387 116 69 533 83,26% 

7 3 
1,0 376 118 77 534 82,35% 

1,5 381 113 74 537 83,08% 

degree C Akurasi 

1 

1,0 77,00% 

1,5 77,02% 

2,5 77,00% 

5,0 77,03% 
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2,5 383 111 75 536 83,17% 

5,0 393 101 77 534 83,89% 

8 3 

1,0 384 107 69 545 84,07% 

1,5 389 102 66 548 84,80% 

2,5 390 101 69 545 84,62% 

5,0 393 98 70 544 84,80% 

9 3 

1,0 418 92 66 529 85,70% 

1,5 418 92 67 528 85,61% 

2,5 420 90 69 526 85,61% 

5,0 425 85 71 524 85,88% 

10 3 

1,0 382 118 67 538 83,26% 

1,5 384 116 68 537 83,35% 

2,5 394 106 75 530 83,62% 

5,0 396 104 75 530 83,80% 

 

degree C Akurasi 

3 

1,0 83,24% 

1,5 83,61% 

2,5 83,72% 

5,0 83,89% 

 

degree = 5 

Iterasi degree C TP FP FN TN Akurasi 

1 5 

1,0 372 109 60 565 84,72% 

1,5 375 106 65 560 84,54% 

2,5 379 102 67 558 84,72% 

5,0 381 100 67 558 84,90% 

2 5 

1,0 384 91 77 554 84,81% 

1,5 385 90 81 550 84,54% 

2,5 388 87 80 551 84,90% 

5,0 395 80 79 552 85,62% 

3 5 

1,0 389 84 79 554 85,26% 

1,5 388 85 78 555 85,26% 

2,5 392 81 81 552 85,35% 

5,0 395 78 87 546 85,08% 

4 5 

1,0 380 98 80 548 83,91% 

1,5 380 98 77 551 84,18% 

2,5 383 95 78 550 84,36% 

5,0 395 83 84 544 84,90% 
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5 5 

1,0 382 111 79 534 82,82% 

1,5 381 112 77 536 82,91% 

2,5 380 113 73 540 83,18% 

5,0 383 110 71 542 83,63% 

6 5 

1,0 380 123 65 537 82,99% 

1,5 380 123 66 536 82,90% 

2,5 385 118 68 534 83,17% 

5,0 394 109 70 532 83,80% 

7 5 

1,0 397 97 78 533 84,16% 

1,5 404 90 78 533 84,80% 

2,5 402 92 81 530 84,34% 

5,0 402 92 79 532 84,52% 

8 5 

1,0 393 98 72 542 84,62% 

1,5 397 94 70 544 85,16% 

2,5 398 93 69 545 85,34% 

5,0 396 95 74 540 84,71% 

9 5 

1,0 430 80 62 533 87,15% 

1,5 432 78 61 534 87,42% 

2,5 434 76 65 530 87,24% 

5,0 436 74 64 531 87,51% 

10 5 

1,0 397 103 62 543 85,07% 

1,5 392 108 62 543 84,62% 

2,5 394 106 57 548 85,25% 

5,0 404 96 62 543 85,70% 

 

degree C Akurasi 

5 

1,0 84,55% 

1,5 84,63% 

2,5 84,79% 

5,0 85,04% 

 

degree = 7 

Iterasi degree C TP FP FN TN Akurasi 

1 7 

1,0 397 84 99 526 83,45% 

1,5 387 94 66 559 85,53% 

2,5 389 92 71 554 85,26% 

5,0 392 89 72 553 85,44% 

2 7 
1,0 400 75 118 513 82,55% 

1,5 397 78 82 549 85,53% 
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2,5 397 78 83 548 85,44% 

5,0 399 76 82 549 85,71% 

3 7 

1,0 406 67 98 535 85,08% 

1,5 396 77 86 547 85,26% 

2,5 401 72 84 549 85,90% 

5,0 400 73 83 550 85,90% 

4 7 

1,0 399 79 101 527 83,73% 

1,5 398 80 87 541 84,90% 

2,5 401 77 89 539 84,99% 

5,0 399 79 83 545 85,35% 

5 7 

1,0 391 102 98 515 81,92% 

1,5 380 113 72 541 83,27% 

2,5 384 109 70 543 83,82% 

5,0 388 105 73 540 83,91% 

6 7 

1,0 411 92 87 515 83,80% 

1,5 408 95 74 528 84,71% 

2,5 411 92 74 528 84,98% 

5,0 408 95 66 536 85,43% 

7 7 

1,0 411 83 97 514 83,71% 

1,5 400 94 80 531 84,25% 

2,5 400 94 79 532 84,34% 

5,0 405 89 79 532 84,80% 

8 7 

1,0 411 80 93 521 84,34% 

1,5 399 92 71 543 85,25% 

2,5 407 84 71 543 85,97% 

5,0 408 83 68 546 86,33% 

9 7 

1,0 445 65 94 501 85,61% 

1,5 440 70 66 529 87,69% 

2,5 444 66 69 526 87,78% 

5,0 447 63 70 525 87,96% 

10 7 

1,0 411 89 86 519 84,16% 

1,5 412 88 71 534 85,61% 

2,5 405 95 69 536 85,16% 

5,0 407 93 65 540 85,70% 

 

degree C Akurasi 

7 

1,0 83,84% 

1,5 85,20% 

2,5 85,36% 

5,0 85,65% 
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degree = 9 

Iterasi degree C TP FP FN TN Akurasi 

1 9 

1,0 390 91 71 554 85,35% 

1,5 392 89 72 553 85,44% 

2,5 393 88 70 555 85,71% 

5,0 392 89 71 554 85,53% 

2 9 

1,0 399 76 87 544 85,26% 

1,5 399 76 84 547 85,53% 

2,5 400 75 81 550 85,90% 

5,0 400 75 81 550 85,90% 

3 9 

1,0 401 72 84 549 85,90% 

1,5 401 72 84 549 85,90% 

2,5 401 72 82 551 86,08% 

5,0 401 72 82 551 86,08% 

4 9 

1,0 399 79 83 545 85,35% 

1,5 400 78 84 544 85,35% 

2,5 399 79 82 546 85,44% 

5,0 396 82 79 549 85,44% 

5 9 

1,0 389 104 73 540 84,00% 

1,5 389 104 74 539 83,91% 

2,5 386 107 73 540 83,73% 

5,0 385 108 72 541 83,73% 

6 9 

1,0 407 96 72 530 84,80% 

1,5 407 96 70 532 84,98% 

2,5 406 97 67 535 85,16% 

5,0 406 97 66 536 85,25% 

7 9 

1,0 404 90 80 531 84,62% 

1,5 405 89 79 532 84,80% 

2,5 405 89 79 532 84,80% 

5,0 404 90 76 535 84,98% 

8 9 

1,0 407 84 72 542 85,88% 

1,5 407 84 68 546 86,24% 

2,5 407 84 67 547 86,33% 

5,0 406 85 67 547 86,24% 

9 9 

1,0 445 65 71 524 87,69% 

1,5 446 64 69 526 87,96% 

2,5 447 63 69 526 88,05% 

5,0 445 65 70 525 87,78% 

10 9 
1,0 412 88 69 536 85,79% 

1,5 406 94 70 535 85,16% 
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2,5 408 92 64 541 85,88% 

5,0 408 92 64 541 85,88% 

 

degree C Akurasi 

9 

1,0 85,46% 

1,5 85,53% 

2,5 85,71% 

5,0 85,68% 
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Lampiran 3. Confusion Matrix SVM kernel RBF 

 gamma = 0.1 

Iterasi gamma C TP FP FN TN Akurasi 

1 0,1 

1,0 374 107 59 566 84,99% 

1,5 371 110 64 561 84,27% 

2,5 371 110 61 564 84,54% 

5,0 376 105 65 560 84,63% 

2 0,1 

1,0 375 100 79 552 83,82% 

1,5 378 97 78 553 84,18% 

2,5 382 93 79 552 84,45% 

5,0 381 94 82 549 84,09% 

3 0,1 

1,0 386 87 74 559 85,44% 

1,5 389 84 77 556 85,44% 

2,5 388 85 79 554 85,17% 

5,0 387 86 81 552 84,90% 

4 0,1 

1,0 376 102 80 548 83,54% 

1,5 378 100 76 552 84,09% 

2,5 381 97 77 551 84,27% 

5,0 381 97 79 549 84,09% 

5 0,1 

1,0 369 124 78 535 81,74% 

1,5 370 123 75 538 82,10% 

2,5 371 122 68 545 82,82% 

5,0 376 117 73 540 82,82% 

6 0,1 

1,0 378 125 63 539 82,99% 

1,5 379 124 62 540 83,17% 

2,5 380 123 63 539 83,17% 

5,0 378 125 63 539 82,99% 

7 0,1 

1,0 381 113 71 540 83,35% 

1,5 382 112 69 542 83,62% 

2,5 384 110 67 544 83,98% 

5,0 391 103 74 537 83,98% 

8 0,1 

1,0 388 103 65 549 84,80% 

1,5 389 102 63 551 85,07% 

2,5 388 103 67 547 84,62% 

5,0 392 99 70 544 84,71% 

9 0,1 

1,0 423 87 64 531 86,33% 

1,5 425 85 61 534 86,79% 

2,5 423 87 57 538 86,97% 

5,0 432 78 61 534 87,42% 
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10 0,1 

1,0 393 107 65 540 84,43% 

1,5 391 109 61 544 84,62% 

2,5 390 110 59 546 84,71% 

5,0 391 109 58 547 84,89% 

 

gamma C Akurasi 

0,1 

1,0 84,14% 

1,5 84,33% 

2,5 84,47% 

5,0 84,45% 

 

gamma = 0.5 

Iterasi gamma C TP FP FN TN Akurasi 

1 0,5 

1,0 389 92 67 558 85,62% 

1,5 390 91 68 557 85,62% 

2,5 392 89 67 558 85,90% 

5,0 392 89 66 559 85,99% 

2 0,5 

1,0 396 79 81 550 85,53% 

1,5 395 80 80 551 85,53% 

2,5 394 81 78 553 85,62% 

5,0 391 84 80 551 85,17% 

3 0,5 

1,0 393 80 81 552 85,44% 

1,5 394 79 81 552 85,53% 

2,5 392 81 81 552 85,35% 

5,0 392 81 77 556 85,71% 

4 0,5 

1,0 391 87 82 546 84,72% 

1,5 392 86 79 549 85,08% 

2,5 390 88 76 552 85,17% 

5,0 389 89 77 551 84,99% 

5 0,5 

1,0 380 113 70 543 83,45% 

1,5 383 110 71 542 83,63% 

2,5 380 113 70 543 83,45% 

5,0 378 115 71 542 83,18% 

6 0,5 

1,0 396 107 66 536 84,34% 

1,5 400 103 64 538 84,89% 

2,5 401 102 64 538 84,98% 
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5,0 401 102 63 539 85,07% 

7 0,5 

1,0 400 94 79 532 84,34% 

1,5 401 93 78 533 84,52% 

2,5 399 95 75 536 84,62% 

5,0 400 94 77 534 84,52% 

8 0,5 

1,0 400 91 68 546 85,61% 

1,5 402 89 68 546 85,79% 

2,5 402 89 65 549 86,06% 

5,0 401 90 65 549 85,97% 

9 0,5 

1,0 441 69 69 526 87,51% 

1,5 440 70 69 526 87,42% 

2,5 438 72 68 527 87,33% 

5,0 437 73 67 528 87,33% 

10 0,5 

1,0 404 96 68 537 85,16% 

1,5 399 101 66 539 84,89% 

2,5 397 103 66 539 84,71% 

5,0 397 103 66 539 84,71% 

 

gamma C Akurasi 

0,5 

1,0 85,17% 

1,5 85,29% 

2,5 85,32% 

5,0 85,26% 

 

gamma = 1.0 

Iterasi gamma C TP FP FN TN Akurasi 

1 1,0 

1,0 386 95 63 562 85,71% 

1,5 386 95 63 562 85,71% 

2,5 386 95 63 562 85,71% 

5,0 386 95 63 562 85,71% 

2 1,0 

1,0 388 87 81 550 84,81% 

1,5 385 90 79 552 84,72% 

2,5 385 90 79 552 84,72% 

5,0 385 90 79 552 84,72% 

3 1,0 
1,0 382 91 78 555 84,72% 

1,5 382 91 78 555 84,72% 
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2,5 382 91 78 555 84,72% 

5,0 382 91 78 555 84,72% 

4 1,0 

1,0 379 99 77 551 84,09% 

1,5 378 100 76 552 84,09% 

2,5 378 100 76 552 84,09% 

5,0 378 100 76 552 84,09% 

5 1,0 

1,0 368 125 72 541 82,19% 

1,5 367 126 72 541 82,10% 

2,5 367 126 72 541 82,10% 

5,0 367 126 72 541 82,10% 

6 1,0 

1,0 389 114 63 539 83,98% 

1,5 391 112 63 539 84,16% 

2,5 391 112 63 539 84,16% 

5,0 391 112 63 539 84,16% 

7 1,0 

1,0 387 107 72 539 83,80% 

1,5 389 105 75 536 83,71% 

2,5 388 106 75 536 83,62% 

5,0 388 106 75 536 83,62% 

8 1,0 

1,0 391 100 67 547 84,89% 

1,5 392 99 67 547 84,98% 

2,5 393 98 67 547 85,07% 

5,0 393 98 67 547 85,07% 

9 1,0 

1,0 422 88 68 527 85,88% 

1,5 421 89 69 526 85,70% 

2,5 421 89 69 526 85,70% 

5,0 421 89 69 526 85,70% 

10 1,0 

1,0 383 117 64 541 83,62% 

1,5 383 117 65 540 83,53% 

2,5 383 117 65 540 83,53% 

5,0 383 117 65 540 83,53% 

 

gamma C Akurasi 

1,0 

1,0 84,37% 

1,5 84,34% 

2,5 84,34% 

5,0 84,34% 
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gamma = 1.5 

Iterasi gamma C TP FP FN TN Akurasi 

1 1,5 

1,0 385 96 62 563 85,71% 

1,5 386 95 63 562 85,71% 

2,5 386 95 63 562 85,71% 

5,0 386 95 63 562 85,71% 

2 1,5 

1,0 381 94 79 552 84,36% 

1,5 381 94 79 552 84,36% 

2,5 381 94 79 552 84,36% 

5,0 381 94 79 552 84,36% 

3 1,5 

1,0 377 96 77 556 84,36% 

1,5 379 94 77 556 84,54% 

2,5 379 94 77 556 84,54% 

5,0 379 94 77 556 84,54% 

4 1,5 

1,0 378 100 78 550 83,91% 

1,5 378 100 78 550 83,91% 

2,5 378 100 78 550 83,91% 

5,0 378 100 78 550 83,91% 

5 1,5 

1,0 363 130 70 543 81,92% 

1,5 365 128 70 543 82,10% 

2,5 365 128 70 543 82,10% 

5,0 365 128 70 543 82,10% 

6 1,5 

1,0 388 115 62 540 83,98% 

1,5 388 115 62 540 83,98% 

2,5 388 115 62 540 83,98% 

5,0 388 115 62 540 83,98% 

7 1,5 

1,0 388 106 74 537 83,71% 

1,5 387 107 74 537 83,62% 

2,5 387 107 74 537 83,62% 

5,0 387 107 74 537 83,62% 

8 1,5 

1,0 390 101 65 549 84,98% 

1,5 391 100 65 549 85,07% 

2,5 391 100 65 549 85,07% 

5,0 391 100 65 549 85,07% 

9 1,5 

1,0 416 94 67 528 85,43% 

1,5 417 93 67 528 85,52% 

2,5 417 93 67 528 85,52% 

5,0 417 93 67 528 85,52% 

10 1,5 1,0 381 119 64 541 83,44% 
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1,5 380 120 65 540 83,26% 

2,5 380 120 65 540 83,26% 

5,0 380 120 65 540 83,26% 

 

gamma C Akurasi 

1,5 

1,0 84,18% 

1,5 84,21% 

2,5 84,21% 

5,0 84,21% 

 

gamma = 2.0 

Iterasi gamma C TP FP FN TN Akurasi 

1 2,0 

1,0 382 99 62 563 85,44% 

1,5 382 99 62 563 85,44% 

2,5 382 99 62 563 85,44% 

5,0 382 99 62 563 85,44% 

2 2,0 

1,0 378 97 78 553 84,18% 

1,5 378 97 78 553 84,18% 

2,5 378 97 78 553 84,18% 

5,0 378 97 78 553 84,18% 

3 2,0 

1,0 377 96 77 556 84,36% 

1,5 377 96 77 556 84,36% 

2,5 377 96 77 556 84,36% 

5,0 377 96 77 556 84,36% 

4 2,0 

1,0 376 102 78 550 83,73% 

1,5 377 101 78 550 83,82% 

2,5 377 101 78 550 83,82% 

5,0 377 101 78 550 83,82% 

5 2,0 

1,0 363 130 70 543 81,92% 

1,5 363 130 70 543 81,92% 

2,5 363 130 70 543 81,92% 

5,0 363 130 70 543 81,92% 

6 2,0 

1,0 387 116 61 541 83,98% 

1,5 387 116 61 541 83,98% 

2,5 387 116 61 541 83,98% 

5,0 387 116 61 541 83,98% 
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7 2,0 

1,0 387 107 73 538 83,71% 

1,5 387 107 74 537 83,62% 

2,5 387 107 74 537 83,62% 

5,0 387 107 74 537 83,62% 

8 2,0 

1,0 386 105 63 551 84,80% 

1,5 386 105 63 551 84,80% 

2,5 386 105 63 551 84,80% 

5,0 386 105 63 551 84,80% 

9 2,0 

1,0 415 95 66 529 85,43% 

1,5 415 95 67 528 85,34% 

2,5 415 95 67 528 85,34% 

5,0 415 95 67 528 85,34% 

10 2,0 

1,0 379 121 64 541 83,26% 

1,5 379 121 64 541 83,26% 

2,5 379 121 64 541 83,26% 

5,0 379 121 64 541 83,26% 

 

gamma C Akurasi 

2,0 

1,0 84,08% 

1,5 84,07% 

2,5 84,07% 

5,0 84,07% 
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Lampiran 4. Confusion Matrix Decision Tree 

criterion = gini 

Iterasi criterion max_depth TP FP FN TN Akurasi 

1 gini 

1 328 153 161 464 71,61% 

5 327 154 76 549 79,20% 

10 364 117 74 551 82,73% 

15 385 96 70 555 84,99% 

20 386 95 69 556 85,17% 

2 gini 

1 329 146 194 437 69,26% 

5 360 115 114 517 79,29% 

10 383 92 92 539 83,36% 

15 394 81 83 548 85,17% 

20 395 80 85 546 85,08% 

3 gini 

1 336 137 197 436 69,80% 

5 345 128 78 555 81,37% 

10 389 84 79 554 85,26% 

15 399 74 81 552 85,99% 

20 400 73 81 552 86,08% 

4 gini 

1 341 137 191 437 70,34% 

5 331 147 82 546 79,29% 

10 377 101 94 534 82,37% 

15 391 87 83 545 84,63% 

20 392 86 82 546 84,81% 

5 gini 

1 343 150 199 414 68,44% 

5 336 157 77 536 78,84% 

10 382 111 74 539 83,27% 

15 386 107 80 533 83,09% 

20 387 106 79 534 83,27% 

6 gini 

1 325 178 184 418 67,24% 

5 336 167 66 536 78,91% 

10 382 121 70 532 82,71% 

15 403 100 67 535 84,89% 

20 401 102 66 536 84,80% 

7 gini 

1 346 148 180 431 70,32% 

5 349 145 81 530 79,55% 

10 391 103 82 529 83,26% 

15 405 89 78 533 84,89% 

20 405 89 79 532 84,80% 
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8 gini 

1 337 154 174 440 70,32% 

5 334 157 72 542 79,28% 

10 388 103 96 518 81,99% 

15 407 84 69 545 86,15% 

20 408 83 76 538 85,61% 

9 gini 

1 355 155 188 407 68,96% 

5 381 129 65 530 82,44% 

10 432 78 83 512 85,43% 

15 445 65 74 521 87,42% 

20 444 66 75 520 87,24% 

10 gini 

1 351 149 165 440 71,58% 

5 357 143 64 541 81,27% 

10 390 110 64 541 84,25% 

15 404 96 68 537 85,16% 

20 406 94 69 536 85,25% 

 

criterion max_depth Akurasi 

gini 

1 69,79% 

5 79,95% 

10 83,46% 

15 85,24% 

20 85,21% 

 

criterion = entropy 

Iterasi criterion max_depth TP FP FN TN Akurasi 

1 entropy 

1 481 0 476 149 56,96% 

5 327 154 76 549 79,20% 

10 363 118 69 556 83,09% 

15 384 97 67 558 85,17% 

20 385 96 69 556 85,08% 

2 entropy 

1 475 0 502 129 54,61% 

5 360 115 114 517 79,29% 

10 376 99 84 547 83,45% 

15 398 77 82 549 85,62% 

20 397 78 84 547 85,35% 

3 entropy 1 473 0 475 158 57,05% 
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5 344 129 77 556 81,37% 

10 392 81 84 549 85,08% 

15 400 73 82 551 85,99% 

20 400 73 82 551 85,99% 

4 entropy 

1 478 0 470 158 57,50% 

5 331 147 82 546 79,29% 

10 377 101 94 534 82,37% 

15 390 88 82 546 84,63% 

20 391 87 82 546 84,72% 

5 entropy 

1 493 0 460 153 58,41% 

5 336 157 77 536 78,84% 

10 371 122 65 548 83,09% 

15 389 104 79 534 83,45% 

20 388 105 77 536 83,54% 

6 entropy 

1 503 0 451 151 59,19% 

5 336 167 66 536 78,91% 

10 384 119 69 533 82,99% 

15 399 104 62 540 84,98% 

20 401 102 66 536 84,80% 

7 entropy 

1 494 0 470 141 57,47% 

5 349 145 81 530 79,55% 

10 384 110 81 530 82,71% 

15 405 89 79 532 84,80% 

20 405 89 80 531 84,71% 

8 entropy 

1 491 0 468 146 57,65% 

5 334 157 72 542 79,28% 

10 372 119 84 530 81,63% 

15 405 86 65 549 86,33% 

20 406 85 74 540 85,61% 

9 entropy 

1 510 0 459 136 58,46% 

5 381 129 65 530 82,44% 

10 423 87 62 533 86,52% 

15 442 68 72 523 87,33% 

20 442 68 74 521 87,15% 

10 entropy 

1 500 0 461 144 58,28% 

5 357 143 64 541 81,27% 

10 385 115 72 533 83,08% 

15 407 93 65 540 85,70% 

20 404 96 68 537 85,16% 
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criterion max_depth Akurasi 

entropy 

1 57,56% 

5 79,95% 

10 83,40% 

15 85,40% 

20 85,21% 
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Lampiran 5. Confusion Matrix K-Nearest Neighbor 

 weights = uniform 

Iterasi weights n_neighbors TP FP FN TN Akurasi 

1 uniform 

1 376 105 118 507 79,84% 

5 372 109 91 534 81,92% 

10 404 77 118 507 82,37% 

15 384 97 92 533 82,91% 

20 391 90 104 521 82,46% 

2 uniform 

1 382 93 123 508 80,47% 

5 388 87 104 527 82,73% 

10 412 63 144 487 81,28% 

15 374 101 98 533 82,01% 

20 387 88 114 517 81,74% 

3 uniform 

1 369 104 93 540 82,19% 

5 371 102 106 527 81,19% 

10 395 78 134 499 80,83% 

15 380 93 116 517 81,10% 

20 386 87 128 505 80,56% 

4 uniform 

1 391 87 112 516 82,01% 

5 390 88 117 511 81,46% 

10 399 79 137 491 80,47% 

15 390 88 114 514 81,74% 

20 395 83 109 519 82,64% 

5 uniform 

1 354 139 77 536 80,47% 

5 363 130 88 525 80,29% 

10 378 115 115 498 79,20% 

15 373 120 107 506 79,48% 

20 383 110 112 501 79,93% 

6 uniform 

1 355 148 109 493 76,74% 

5 366 137 78 524 80,54% 

10 401 102 107 495 81,09% 

15 384 119 96 506 80,54% 

20 393 110 101 501 80,90% 

7 uniform 

1 385 109 123 488 79,00% 

5 384 110 114 497 79,73% 

10 394 100 140 471 78,28% 

15 388 106 116 495 79,91% 

20 395 99 115 496 80,63% 
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8 uniform 

1 366 125 95 519 80,09% 

5 387 104 91 523 82,35% 

10 405 86 116 498 81,72% 

15 383 108 89 525 82,17% 

20 389 102 98 516 81,90% 

9 uniform 

1 388 122 100 495 79,91% 

5 428 82 90 505 84,43% 

10 431 79 102 493 83,62% 

15 430 80 95 500 84,16% 

20 434 76 100 495 84,07% 

10 uniform 

1 378 122 83 522 81,45% 

5 399 101 83 522 83,35% 

10 420 80 106 499 83,17% 

15 388 112 81 524 82,53% 

20 405 95 106 499 81,81% 

 

weights n_neighbors Akurasi 

uniform 

1 80,22% 

5 81,80% 

10 81,20% 

15 81,66% 

20 81,66% 

 

 weights = distance 

Iterasi weights n_neighbors TP FP FN TN Akurasi 

1 distance 

1 376 105 118 507 79,84% 

5 378 103 83 542 83,18% 

10 409 72 96 529 84,81% 

15 399 82 83 542 85,08% 

20 398 83 84 541 84,90% 

2 distance 

1 382 93 123 508 80,47% 

5 394 81 93 538 84,27% 

10 413 62 113 518 84,18% 

15 384 91 89 542 83,73% 

20 393 82 93 538 84,18% 

3 distance 1 369 104 93 540 82,19% 
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5 384 89 94 539 83,45% 

10 404 69 104 529 84,36% 

15 403 70 94 539 85,17% 

20 402 71 97 536 84,81% 

4 distance 

1 391 87 112 516 82,01% 

5 391 87 98 530 83,27% 

10 406 72 104 524 84,09% 

15 403 75 102 526 84,00% 

20 405 73 102 526 84,18% 

5 distance 

1 354 139 77 536 80,47% 

5 374 119 70 543 82,91% 

10 388 105 86 527 82,73% 

15 389 104 85 528 82,91% 

20 392 101 87 526 83,00% 

6 distance 

1 355 148 109 493 76,74% 

5 376 127 68 534 82,35% 

10 409 94 91 511 83,26% 

15 404 99 83 519 83,53% 

20 411 92 88 514 83,71% 

7 distance 

1 385 109 123 488 79,00% 

5 389 105 95 516 81,90% 

10 405 89 106 505 82,35% 

15 408 86 95 516 83,62% 

20 411 83 95 516 83,89% 

8 distance 

1 366 125 95 519 80,09% 

5 393 98 87 527 83,26% 

10 409 82 88 526 84,62% 

15 398 93 76 538 84,71% 

20 404 87 83 531 84,62% 

9 distance 

1 388 122 100 495 79,91% 

5 434 76 80 515 85,88% 

10 441 69 84 511 86,15% 

15 446 64 82 513 86,79% 

20 447 63 88 507 86,33% 

10 distance 

1 378 122 83 522 81,45% 

5 402 98 74 531 84,43% 

10 415 85 81 524 84,98% 

15 402 98 70 535 84,80% 

20 413 87 82 523 84,71% 
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weights n_neighbors Akurasi 

distance 

1 80,22% 

5 83,49% 

10 84,15% 

15 84,43% 

20 84,43% 
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Lampiran 6. Source Code Program 

evaluasi.py 

import pandas as pd 

import numpy as np 

from sklearn.model_selection import KFold 

from sklearn.preprocessing import MinMaxScaler 

from sklearn.svm import SVC 

from sklearn.tree import DecisionTreeClassifier 

from sklearn.neighbors import KNeighborsClassifier 

from sklearn.metrics import accuracy_score 

from sklearn.metrics import confusion_matrix 

from sklearn.metrics import classification_report 

from termcolor import colored 

 

 

dataset = pd.read_csv('data_training.csv') 

 

x = dataset.drop('Result', axis=1) 

y = dataset['Result'] 

 

scaler = MinMaxScaler(feature_range=(-1, 1)) 

x = scaler.fit_transform(x) 

 

scoresl = [] 

scoresp = [] 

scoresr = [] 

scoresDT = [] 

scoresKNN = [] 

 

cv = KFold(n_splits=10, random_state=42, shuffle=True) 

 

print(colored('\n SUPPORT VECTOR MACHINE (SVM)', 

attrs=['bold'])) 

print(colored(' Linear:', attrs=['bold'])) 

cl = input(' C  : ') 

cl_input = float(cl) 

cSVMl = SVC(kernel='linear', C=cl_input) 

print(colored(' -------------------------------------------

--------', attrs=['bold'])) 

for train_index, test_index in cv.split(x): 

    print(" Train  : ", train_index) 

    print(" Test  : ", test_index) 

 

    x_train, x_test, y_train, y_test = x[train_index], 

x[test_index], y[train_index], y[test_index] 

    cSVMl.fit(x_train, y_train) 

    Y_SVMl = cSVMl.predict(x_test) 

    skorl = cSVMl.score(x_test, y_test)*100 

    print(" Score  :  [%.2f" % skorl, "%]") 

    scoresl.append(skorl) 

    cmlinear = confusion_matrix(y_test, Y_SVMl) 

    print('', cmlinear) 

 

akurasi_SVMl = np.mean(scoresl) 
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print(" Akurasi:  [%.2f" % akurasi_SVMl, "%]") 

 

print(colored('\n Polynomial:', attrs=['bold'])) 

degree = input(' Degree : ') 

degree_input = float(degree) 

cp = input(' C  : ') 

cp_input = float(cp) 

cSVMp = SVC(kernel='poly', gamma='scale', 

degree=degree_input, C=cp_input) 

print(colored(' -------------------------------------------

--------', attrs=['bold'])) 

for train_index, test_index in cv.split(x): 

    print(" Train  : ", train_index) 

    print(" Test  : ", test_index) 

 

    x_train, x_test, y_train, y_test = x[train_index], 

x[test_index], y[train_index], y[test_index] 

    cSVMp.fit(x_train, y_train) 

    Y_SVMp = cSVMp.predict(x_test) 

    skorp = cSVMp.score(x_test, y_test)*100 

    print(" Score  :  [%.2f" % skorp, "%]") 

    scoresp.append(skorp) 

    cmpoly = confusion_matrix(y_test, Y_SVMp) 

    print('', cmpoly) 

 

akurasi_SVMp = np.mean(scoresp) 

print(" Akurasi:  [%.2f" % akurasi_SVMp, "%]") 

 

print(colored('\n RBF:', attrs=['bold'])) 

gamma = input(' Gamma  : ') 

gamma_input = float(gamma) 

cr = input(' C  : ') 

cr_input = float(cr) 

cSVMr = SVC(kernel='rbf', gamma=gamma_input, C=cr_input) 

print(colored(' -------------------------------------------

--------', attrs=['bold'])) 

for train_index, test_index in cv.split(x): 

    print(" Train  : ", train_index) 

    print(" Test  : ", test_index) 

 

    x_train, x_test, y_train, y_test = x[train_index], 

x[test_index], y[train_index], y[test_index] 

    cSVMr.fit(x_train, y_train) 

    Y_SVMr = cSVMr.predict(x_test) 

    skorr = cSVMr.score(x_test, y_test)*100 

    print(" Score  :  [%.2f" % skorr, "%]") 

    scoresr.append(skorr) 

    cmrbf = confusion_matrix(y_test, Y_SVMr) 

    print('', cmrbf) 

 

akurasi_SVMr = np.mean(scoresr) 

print(" Akurasi:  [%.2f" % akurasi_SVMr, "%]") 

 

print(colored('\n DECISION TREE', attrs=['bold'])) 

print(colored(' *criterion = gini / entropy', 'grey')) 

print(colored(' *max depth = integer', 'grey')) 
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criterion = input(' Criterion   : ') 

criterion_input = str(criterion) 

max_depth = input(' Max Depth   : ') 

max_depth_input = int(max_depth) 

cDT = DecisionTreeClassifier(criterion=criterion_input, 

max_depth=max_depth_input) 

print(colored(' -------------------------------------------

--------', attrs=['bold'])) 

for train_index, test_index in cv.split(x): 

    print(" Train   : ", train_index) 

    print(" Test    : ", test_index) 

 

    x_train, x_test, y_train, y_test = x[train_index], 

x[test_index], y[train_index], y[test_index] 

    cDT.fit(x_train, y_train) 

    Y_DT = cDT.predict(x_test) 

    skorDT = cDT.score(x_test, y_test)*100 

    print(" Score   :  [%.2f" % skorDT, "%]") 

    scoresDT.append(skorDT) 

    cmDT = confusion_matrix(y_test, Y_DT) 

    print('', cmDT) 

 

akurasi_DT = np.mean(scoresDT) 

print(" Akurasi:  [%.2f" % akurasi_DT, "%]") 

 

print(colored('\n K-NEAREST NEIGHBORS', attrs=['bold'])) 

print(colored(' *weights     = uniform / distance', 

'grey')) 

print(colored(' *n_neighbors = integer', 'grey')) 

weights = input(' Weights       : ') 

weights_input = str(weights) 

n_neighbors = input(' N Neighbors   : ') 

n_neighbors_input = int(n_neighbors) 

cKNN = KNeighborsClassifier(weights=weights_input, 

n_neighbors=n_neighbors_input) 

print(colored(' -------------------------------------------

--------', attrs=['bold'])) 

for train_index, test_index in cv.split(x): 

    print(" Train   : ", train_index) 

    print(" Test    : ", test_index) 

 

    x_train, x_test, y_train, y_test = x[train_index], 

x[test_index], y[train_index], y[test_index] 

    cKNN.fit(x_train, y_train) 

    Y_KNN = cKNN.predict(x_test) 

    skorKNN = cKNN.score(x_test, y_test)*100 

    print(" Score   :  [%.2f" % skorKNN, "%]") 

    scoresKNN.append(skorKNN) 

    cmKNN = confusion_matrix(y_test, Y_KNN) 

    print('', cmKNN) 

 

akurasi_KNN = np.mean(scoresKNN) 

print(" Akurasi:  [%.2f" % akurasi_KNN, "%]") 

 

print(colored('\n AKURASI :', attrs=['bold'])) 

print(" Akurasi SVM : %.2f, %.2f, %.2f" 



116 
 

%(akurasi_SVMl,akurasi_SVMp,akurasi_SVMr), "%") 

print(" Akurasi DT  : %.2f" % akurasi_DT, "%") 

print(" Akurasi KNN : %.2f" % akurasi_KNN, "%") 

 

make_model.py 

import numpy as np 

import pandas as pd 

from sklearn.svm import SVC 

import pickle 

 

x = pd.read_csv('data_training.csv') 

a = np.array(x) 

y = a[:,16] 

 

x = np.column_stack((x.having_IP_Address, x.URL_Length, 

x.Shortining_Service, x.having_At_Symbol, 

x.double_slash_redirecting, x.Prefix_Suffix, 

x.having_Sub_Domain, x.Domain_registeration_length, 

x.HTTPS_token, x.Submitting_to_email, x.RightClick, 

x.Iframe, x.age_of_domain, x.DNSRecord, x.web_traffic, 

x.Statistical_report)) 

 

cSVMl = SVC(kernel='linear') 

cSVMl.fit(x, y) 

model_namel = 'model_l.sav' 

pickle.dump(cSVMl, open(model_namel, 'wb')) 

print(' Model SVM Linear Successful') 

 

cSVMp = SVC(kernel='poly', gamma='scale', degree=7, C=5.0) 

cSVMp.fit(x, y) 

model_namep = 'model_p.sav' 

pickle.dump(cSVMp, open(model_namep, 'wb')) 

print(' Model SVM Polynomial Successful') 

 

cSVMr = SVC(kernel='rbf', gamma=0.3, C=5.0) 

cSVMr.fit(x, y) 

model_namer = 'model_r.sav' 

pickle.dump(cSVMr, open(model_namer, 'wb')) 

print(' Model SVM RBF Successful') 

 

phishion.py 

import whois 

import dns.resolver 

from datetime import datetime 

from urllib.parse import urlparse 

import urllib.request 

import shutil 

import re 

import sys 

import xmltodict 
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import json 

import socket 

import csv 

from termcolor import colored 

 

print(colored('        _     _     _     _             ', 

'grey', attrs=['bold'])) 

print(colored('  ____ | |___(_)___| |___(_) ___  _____ ', 

'grey', attrs=['bold'])) 

print(colored(' /  _ \|  _  | /  _)  _  | |/ _ \/  _  |', 

'grey', attrs=['bold'])) 

print(colored(' | (_) | | | | | (_| | | | | (_) | | | |', 

'grey', attrs=['bold'])) 

print(colored(' |  __/|_| |_|_|__ |_| |_| |\___/|_| |_|', 

'grey', attrs=['bold'])) 

print(colored(' |_|-----------(___/-PHISHING-DETECTION-', 

'grey', attrs=['bold'])) 

 

while(True): 

 url = input(colored('\n INPUT URL: ', 'grey', 

attrs=['bold'])) 

 print(colored(' 

=======================================', 'grey', 

attrs=['bold'])) 

 regex = re.compile( 

        r'^(?:http|ftp)s?://' # http:// or https:// 

        r'(?:(?:[A-Z0-9](?:[A-Z0-9-]{0,61}[A-Z0-

9])?\.)+(?:[A-Z]{2,6}\.?|[A-Z0-9-]{2,}\.?)|' #domain... 

        r'localhost|' #localhost... 

        r'\d{1,3}\.\d{1,3}\.\d{1,3}\.\d{1,3})' # ...or ip 

        r'(?::\d+)?' # optional port 

        r'(?:/?|[/?]\S+)$', re.IGNORECASE) 

 check_url = re.match(regex, url) is not None 

  

 if check_url == True: 

  break 

 else: 

  print(colored(' Your Input is Not URL', 'red')) 

 

print(colored(' 1. LINEAR', 'grey')) 

print(colored(' 2. POLYNOMIAL', 'grey')) 

print(colored(' 3. RBF', 'grey')) 

pilih_kernel = input(colored(' Pilih Kernel  : ', 

'grey', attrs=['bold'])) 

kernel = int(pilih_kernel) 

print(colored(' =======================================', 

'grey', attrs=['bold'])) 

 

t1 = datetime.now() 

obj = urlparse(url) 

hostname = obj.hostname 

try: 

 pywhois = whois.whois(hostname) 

except: 

 next 
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reader = csv.reader(open('data_testing.csv')) 

lines = list(reader) 

 

#Having IP Address 

print(colored('\n USING IP ADDRESS', 'grey', 

attrs=['bold'])) 

is_valid = re.match("^(([0-9]|[1-9][0-9]|1[0-9]{2}|2[0-

4][0-9]|25[0-5])\.){3}([0-9]|[1-9][0-9]|1[0-9]{2}|2[0-4][0-

9]|25[0-5])$", hostname) 

if is_valid == None: 

 lines[1][0] = '-1' 

 print(colored(' [-1]', 'green'),'Legitimate') 

else: 

 lines[1][0] = '1' 

 print(colored(' [1]', 'red'),'Phising') 

 

#Panjang URL 

print(colored(' URL LENGTH', 'grey', attrs=['bold'])) 

if len(url)<54: 

 lines[1][1] = '-1' 

 print(colored(' [-1]', 'green'),'Legitimate') 

          

elif len(url)<75: 

 lines[1][1] = '0' 

 print(colored(' [0]', 'yellow'),'Suspicious') 

else: 

 lines[1][1] = '1' 

 print(colored(' [1]', 'red'),'Phising') 

 

#URL Shortening Services 

print(colored(' URL SHORTENING SERVICES', 'grey', 

attrs=['bold'])) 

urlss = [ 

      'bit.ly', 

      'goo.gl', 

      'tinyurl.com', 

      'buff.ly', 

      'adf.ly', 

      'ow.ly', 

      'polr.me', 

      'is.gd', 

      'soo.gd', 

      's2r.co' 

] 

for tinyurl in urlss: 

  find_tinyurl = hostname.find(tinyurl) 

  if find_tinyurl !=-1: 

   break 

 

if find_tinyurl !=-1: 

 lines[1][2] = '1' 

 print(colored(' [1]', 'red'),'Phising') 

else: 

 lines[1][2] = '-1' 

 print(colored(' [-1]', 'green'),'Legitimate') 
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#Simbol "@" 

print(colored(' SIMBOL "@"', 'grey', attrs=['bold'])) 

if url.find('@')!=-1: 

 lines[1][3] = '1' 

 print(colored(' [1]', 'red'),'Phising') 

else: 

 lines[1][3] = '-1' 

 print(colored(' [-1]', 'green'),'Legitimate') 

 

#Simbol "//" 

print(colored(' SIMBOL "//"', 'grey', attrs=['bold'])) 

if url.find('//')>7: 

 lines[1][4] = '1' 

 print(colored(' [1]', 'red'),'Phising') 

else: 

 lines[1][4] = '-1' 

 print(colored(' [-1]', 'green'),'Legitimate') 

 

#Simbol "-" 

print(colored(' SIMBOL "-"', 'grey', attrs=['bold'])) 

  

if hostname.find('-')!=-1: 

 lines[1][5] = '1' 

 print(colored(' [1]', 'red'),'Phising') 

else: 

 lines[1][5] = '-1' 

 print(colored(' [-1]', 'green'),'Legitimate') 

 

#Sub Domain 

print(colored(' SUB DOMAIN', 'grey', attrs=['bold'])) 

         

         

negara_TLD = [ 

   '.ac.', 

   '.co.', 

   '.desa.', 

   '.or.', 

   '.net.', 

   '.web.', 

   '.sch.', 

   '.go.' 

] 

for tld in negara_TLD: 

 find_tld = hostname.find(tld) 

 if find_tld !=-1: 

  break 

 

if hostname.count('.')==1: 

 lines[1][6] = '-1' 

 print(colored(' [-1]', 'green'),'Legitimate [a]') 

elif find_tld !=-1: 

 titik = hostname.count('.')-1 

 if titik==1: 

  lines[1][6] = '-1' 

  print(colored(' [-1]', 'green'),'Legitimate 

[b]') 
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 elif titik ==2: 

  lines[1][6] = '0' 

  print(colored(' [0]', 'yellow'),'Suspicious 

[a]') 

 else: 

  lines[1][6] = '1' 

  print(colored(' [1]', 'red'),'Phising [a]') 

elif hostname.count('.')==2: 

 lines[1][6] = '0' 

 print(colored(' [0]', 'yellow'),'Suspicious [b]') 

else: 

 lines[1][6] = '1' 

 print(colored(' [1]', 'red'),'Phising [b]') 

 

#Domain Registration Length 

print(colored(' DOMAIN REGISTRATION LENGTH', 'grey', 

attrs=['bold'])) 

try: 

 cd = pywhois.creation_date 

 ud = pywhois.updated_date 

 ed = pywhois.expiration_date 

 

 try: 

  if ud == None: 

   tahun1 = cd.year 

   tahun3 = ed.year 

   drl = tahun3-tahun1 

  elif type(ud) == list: 

   string = str(ud) 

   d = string[19:23] 

   tahun3 = ed.year 

   drl = tahun3 - int(d) 

  else: 

   tahun2 = ud.year 

   tahun3 = ed.year 

   drl = tahun3-tahun2 

 except: 

  s = ed[8:12] 

  tahun1 = cd.year 

  drl = int(s)-tahun1 

 

 try: 

  if drl <= 1: 

   lines[1][7] = '1' 

   print(colored(' [1]', 'red'),'Phising 

[a]') 

  else: 

   lines[1][7] = '-1' 

   print(colored(' [-1]', 

'green'),'Legitimate') 

 except: 

  lines[1][7] = '1' 

  print(colored(' [1]', 'red'),'Phising [b]') 

except: 

 lines[1][7] = '1' 

 print(colored(' [1]', 'red'),'Phising [c]') 
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#HTTPS Token 

print(colored(' HTTPS TOKEN', 'grey', attrs=['bold'])) 

if hostname.find('https')!=-1: 

 lines[1][8] = '1' 

 print(colored(' [1]', 'red'),'Phising') 

else: 

 lines[1][8] = '-1' 

 print(colored(' [-1]', 'green'),'Legitimate') 

 

#SITE, DRC, IFR 

try: 

 page = urllib.request.urlopen(url) 

 

 f = open('page_source.txt', 'wb') 

 shutil.copyfileobj(page, f) 

 

 print(colored(' SUBMITTING INFORMATION TO EMAIL', 

'grey', attrs=['bold'])) 

 with open('page_source.txt', 'r') as site: 

  if 'mail()' in site.read(): 

   lines[1][9] = '1' 

   print(colored(' [1]', 'red'),'Phising 

[a]') 

  elif 'mailto:' in site.read(): 

   lines[1][9] = '1' 

   print(colored(' [1]', 'red'),'Phising 

[b]') 

  else: 

   lines[1][9] = '-1' 

   print(colored(' [-1]', 

'green'),'Legitimate') 

 

 print(colored(' DISABLE RIGHT CLICK', 'grey', 

attrs=['bold'])) 

 with open('page_source.txt', 'r') as drc: 

  if 'contextmenu' in drc.read(): 

   lines[1][10] = '1' 

   print(colored(' [1]', 'red'),'Phising 

[a]') 

  else: 

   lines[1][10] = '-1' 

   print(colored(' [-1]', 

'green'),'Legitimate') 

 

 print(colored(' IFRAME REDIRECTION', 'grey', 

attrs=['bold'])) 

 with open('page_source.txt', 'r') as ifr: 

  if '<iframe' in ifr.read(): 

   lines[1][11] = '1' 

   print(colored(' [1]', 'red'),'Phising 

[a]') 

  else: 

   lines[1][11] = '-1' 

   print(colored(' [-1]', 

'green'),'Legitimate') 



122 
 

except: 

 print(colored(' SUBMITTING INFORMATION TO EMAIL', 

'grey', attrs=['bold'])) 

 lines[1][9] = '1' 

 print(colored(' [1]', 'red'),'Phising [c]') 

 print(colored(' DISABLE RIGHT CLICK', 'grey', 

attrs=['bold'])) 

 lines[1][10] = '1' 

 print(colored(' [1]', 'red'),'Phising [b]') 

 print(colored(' IFRAME REDIRECTION', 'grey', 

attrs=['bold'])) 

 lines[1][11] = '1' 

 print(colored(' [1]', 'red'),'Phising [b]') 

 

#Age of Domain 

print(colored(' AGE OF DOMAIN', 'grey', attrs=['bold'])) 

dn = datetime.now() 

try: 

 cd = pywhois.creation_date 

 try: 

  tahun1 = dn.year 

  tahun2 = cd.year 

  bulan1 = dn.month 

  bulan2 = cd.month 

  tahunaod = (tahun1-tahun2)*12 

  bulanaod = bulan1-bulan2 

  aod = (tahunaod-bulanaod)/12 

 except: 

  next 

 

 try: 

  if aod >= 6: 

   lines[1][12] = '-1' 

   print(colored(' [-1]', 

'green'),'Legitimate') 

  else: 

   lines[1][12] = '1' 

   print(colored(' [1]', 'red'),'Phising 

[a]') 

 except: 

  lines[1][12] = '1' 

  print(colored(' [1]', 'red'),'Phising [b]') 

except: 

 lines[1][12] = '1' 

 print(colored(' [1]', 'red'),'Phising [c]') 

 

#DNS Records 

print(colored(' DNS RECORDS', 'grey', attrs=['bold'])) 

def get_records(): 

    ids = [ 

        'CNAME', 

        'MX', 

        'NS', 

        'PTR', 

        'SRV', 

        'SOA', 
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        'TXT', 

    ] 

    for a in ids: 

     try: 

      answers = dns.resolver.query(hostname, a) 

      return answers 

     except: 

      pass 

       

dns_record = get_records() 

 

if dns_record is None: 

 lines[1][13] = '-1' 

 print(colored(' [-1]', 'red'),'Phising') 

else: 

 lines[1][13] = '1' 

 print(colored(' [1]', 'green'),'Legitimate') 

 

#Website Traffic 

xml = 

urllib.request.urlopen('http://data.alexa.com/data?cli=10&d

at=s&url={}'.format(url)).read() 

  

result= xmltodict.parse(xml) 

  

data = json.dumps(result).replace("@","") 

data_tojson = json.loads(data) 

 

print(colored(' WEBSITE TRAFFIC', 'grey', attrs=['bold'])) 

try: 

 url = 

data_tojson["ALEXA"]["SD"][1]["POPULARITY"]["URL"] 

 rank= 

data_tojson["ALEXA"]["SD"][1]["POPULARITY"]["TEXT"] 

 

 if int(rank) < 100000: 

  lines[1][14] = '0' 

  print(colored(' [0]', 'green'),'Legitimate') 

 else: 

  lines[1][14] = '-1' 

  print(colored(' [-1]', 'yellow'),'Suspicious') 

except: 

 lines[1][14] = '1' 

 print(colored(' [1]', 'red'),'Phising') 

 

#Statistical-Reports Based Features 

print(colored(' STATISTICAL-REPORTS BASED FEATURES', 

'grey', attrs=['bold'])) 

ipaddrs = socket.gethostbyname(hostname) 

 

top_domains = [ 

      'esy.es', 

      'hol.es', 

      '000webhostapp.com', 

      '16mb.com', 

      'bit.ly', 
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      'for-our.info', 

      'beget.tech', 

      'blogspot.com', 

      'weebly.com', 

      'raymannag.ch', 

] 

for domain in top_domains: 

  find_domain = hostname.find(domain) 

  if find_domain !=-1: 

   break 

 

with open('top_ips.csv', 'r') as top_ips: 

  if str(ipaddrs) in top_ips.read(): 

   lines[1][15] = '1' 

   print(colored(' [1]', 'red'),'Phising [a]') 

  elif find_domain !=-1: 

   lines[1][15] = '1' 

   print(colored(' [1]', 'red'),'Phising [b]') 

  else: 

   lines[1][15] = '-1' 

   print(colored(' [-1]', 'green'),'Legitimate') 

 

with open('data_testing.csv', 'w') as f: 

 writer = csv.writer(f) 

 writer.writerows(lines) 

f.close() 

 

import numpy as np 

import pandas as pd 

from sklearn.svm import SVC 

import pickle 

 

# Load model 

if kernel == 1: 

 loaded_model = pickle.load(open('model_l.sav', 'rb')) 

elif kernel == 2: 

 loaded_model = pickle.load(open('model_p.sav', 'rb')) 

elif kernel == 3: 

 loaded_model = pickle.load(open('model_r.sav', 'rb')) 

else: 

 loaded_model = pickle.load(open('model_p.sav', 'rb')) 

 

x_predict = pd.read_csv('data_testing.csv') 

b = np.array(x_predict) 

y_predict = b[0:,:16] 

 

prediksi = loaded_model.predict(y_predict) 

score = loaded_model.decision_function(y_predict) 

non_phish = ((1-score)/2)*100 

phish = (100-non_phish) 

 

print(colored('\n RESULT:', 'grey', attrs=['bold'])) 

print(colored(' =======================================', 

'grey', attrs=['bold'])) 

print(colored(' PHISHING PERCENTAGE : %.2f' % phish, 

'grey',attrs=['bold']),colored('%','grey', attrs=['bold'])) 
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if prediksi == 1: 

 print('',colored(prediksi,'red', 

attrs=['bold']),colored(' PHISHING', 'red', 

attrs=['bold'])) 

else: 

 print('',colored(prediksi, 'green', 

attrs=['bold']),colored(' NON PHISHING', 'green', 

attrs=['bold'])) 

 

t2 = datetime.now() 

total =  t2 - t1 

print(colored('\n Scanning Completed in: ', 'grey'), 

colored(total, 'grey')) 
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