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classification of a level of cancer . False positives can be 
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specified number of variant sequence reads ( tags ) , thereby 
providing a more accurate parameter . The relative frequen 
cies for different variant loci can be analyzed to determine 
a level of heterogeneity of tumors in a patient . 

Publication Classification 
( 51 ) Int . Ci . 

C120 1 / 6886 ( 2006 . 01 ) 
BOIJ 19 / 00 ( 2006 . 01 ) 

110 Obtaining a constitutional genome 
of the subject 100 

- - - - - - - - - - - - - 

120 
Receive one or inore sequenced tags for each of a plurality 
of DNA fragments in a biological sample of the subject 

130 
Determine genomic positions for the sequenced tags 

140 
Determine a first number of first loci where at least 
N sequence tags have a scquence variant relative to 

the constitutional genoine 

150 Determine a parameter based on a count of sequence lags 
having a sequence variant at the first loci 

- - - - 

160 Compare the parameter to a threshold value to classify a 
level of cancer 



Patent Application Publication Jul . 19 , 2018 Sheet 1 of 26 US 2018 / 0202003 A1 

110 Obtaining a constitutional genome 
of the subject 100 

120 
Receive one or more sequenced tags for each of a plurality 
of DNA fragments in a biological sample of the subject 

130 
Determine genomic positions for the sequenced tags 

140 
Determine a first number of first loci where at least 
N sequence tags have a sequence variant relative to 

the constitutional genome 

150 Determine a parameter based on a count of sequence tags 
having a sequence variant at the first loci 

160 Compare the parameter to a threshold value to classify a 
level of cancer 

FIG . 1 



Patent Application Publication Jul . 19 , 2018 Sheet 2 of 26 US 2018 / 0202003 A1 

210 Obtain a constitutional genome of the subject 
200 

Receive one or more sequence tags for each of a plurality 
of DNA fragments in a biological sample of the subject 220 

230 Align at least a portion of the sequence tags to the 
constitutional genome 

240 Identify sequence tags that have a sequence variant at a locus 
relative to the constitutional genome 

For each locus with a variant 

250 
Count a respective first number of sequence tags that align to 

the genomic location and have a sequence variant at the 
genomic location 

260 Determine a parameter based on the respective first numbers 

270 Compare the parameter to a threshold value to classify a 
level of cancer 

FIG . 2 



Patent Application Publication Jul . 19 , 2018 Sheet 3 of 26 US 2018 / 0202003 A1 

300 

310 Align at least a portion of the sequence tags from 
biological sample to the reference genome 

320 Identify a first number ( A ) of potential variants relative to the 
reference genome 

330 
Determine constitutional genome by aligning sequence tags obtained 
by sequencing DNA fragments from a constitutional sample to the 

reference genome 

340 
Identify a second number ( B ) of loci where an aligned 

sequence tag of the CG has a variant at a locus relative to the 
reference genome 

. . . . . . . . . . . . . 

350 Subtract B from A to identify variants ( SNMs ) that are 
present in the sample genome but not in CG . 

FIG . 3 



No . of times see 

38 

Patent Application Publication 

4X 

Expect no . 

Expect no . 

Expect 10 : false positives loci for sequencing 

of 

Sequencing Depth 

of 

Expect 10 . Of inutations identified 

Expect no . false positives loci for sequencing errors 

Expect no . 
of mutations identified 

Expect no . false positives loci for sequencing errors 

Expect no . 
false positives toci foor sequencing eitor ' s 

Expect no . 
of mutations identified 

Expect no . false positives loci for Sequencing errors 

syutations identified 

Expect no . false positives loci for sequencing error ' s 
Expect 10 . of mutations identified 

1 

muiations identified 

CITOIS 

Awwwwwwww 

2 . 998 , 500 

146 

1 , 499 

29 , 850 , 499 

1 , 180 

45 , 000 

271 

20 

43 

ololo 

59 , 403 , 980 

1 , 896 

190 , 000 

793 

380 

241 

40 

117 , 631 , 683 

2 , 594 

780 , 000 

1 . 782 

3 . 293 

970 

429 

158 

50 

60 

174 . 706 , 399 

2 , 851 

1 , 770 . 000 

2 . 403 

11 . 407 

ooooooo 

1 , 730 

54 

1 , 058 

554 

252 

iiiiiiiii 

i 

iiiiiiiiiiiii 

i 

iiiiiiiiiiiiiiiiii 

80 

230 . 650 , 961 

2 , 945 

3 , 160 , 000 

2 . 725 

27 , 387 

2 , 286 

Jul . 19 , 2018 Sheet 4 of 26 

176 

1 , 700 

1 , 113 

645 

w 

w 

w 

100 

285 , 487 , 746 

2 , 980 

4 , 950 . 000 

2 , 879 

53 , 900 

2 , 626 

436 

2 , 205 

1 . 679 

1 , 152 

120 

339 , 238 , 690 

2 , 993 

7 , 140 , 000 

2 , 948 

93 , 613 

2 , 874 

913 

2 , 546 

2 , 145 

1 . 663 

140 ) 

391 . 925 , 294 

2 , 997 

9 , 730 . 000 

2 , 978 

149 , 193 

2 , 911 

1 . 703 

2 , 755 

2 , 481 

2 , 098 

160 

443 , 568 , 633 

2 , 999 

12 , 720 , 000 

2 . 991 

223 , 307 

2 , 959 

2 , 922 

2 , 873 

2 , 701 

2 , 426 

180 

494 , 189 , 366 

3 , 000 

16 , 110 , 000 

2 . 996 

318 . 620 

2 , 981 

4 , 700 

2 , 936 

Bew 

2 , 835 

2 , 653 

200 

543 , 807 , 741 

3 , 000 

19 , 900 . 000 

2 . 999 

437 . 800 

2 , 992 

7 , 187 

2 , 969 

2 , 912 

2 , 799 

400 

US 2018 / 0202003 A1 

FIG . 4 



- - - - - - 

- 

- - 

- 

30 . of times seen 

X 

2x 

3x 

4X 

5X 

Patent Application Publication 

Expect no . 

Expect 30 . 

Expect no . 

of 

Sequencing depth 
Expect no . false positives loci tor sequencing errors 

Expect no . false positives loci for Sequencing errors 

Expect so . 
of mutations identifieri 

Expect so . false positives loci for sequencing errors 

Expect no . false positives loci for sequencing errors 

Expect so . of mutations identified 

Expect 110 . false positives loci for sequencing errors 

Expect no . false positives loci for sequencing errors 

mutations identified 

Expect 80 . of mutations identified 

mutationis identified 

mutations identified 

1 

2 , 998 , 500 

74 

1 , 499 

10 

1 

29 , 850 , 499 

664 

45 , 000 

179 

40 

ino 

20 

59 , 403 , 980 

1 , 180 

190 , 000 

271 

380 

{ 

40 

117 , 631 , 683 

1 , 896 

780 , 000 

793 

3 , 293 

241 241 

11 

* 

?????? 

Lii 
????????? 

??????????? 

174 , 706 , 399 

2 , 331 

1 , 770 , 000 

1 . 327 

11 , 407 

573 1 

54 

197 

13 

80 

230 , 650 , 961 

2 , 594 

3 , 160 , 000 

1 , 782 

27 , 387 

970 

176 

429 

1 

1 

158 158 

30 

Hovedooooooooo 

Jul . 19 , 2018 Sheet 5 of 26 

100 

285 , 487 , 746 

2 , 754 

4 , 950 , 000 

2 , 138 

53 , 901 ) 

1 , 369 

436 

727 

120 

1339 , 238 . 690 

2 , 851 

7 , 140 , 000 

2 , 403 

93 . 613 

1 , 730 

913 

1 , 058 

S54 $ 54 

252 

140 

391 , 925 , 294 

2 , 909 

9 , 730 . 000 

2 , 592 

149 , 193 

2 , 037 

1703 

1 , 390 

15 

824 

427 427 

160 

443 , 568 , 633 

2 . 945 

12 , 720 , 000 

2 . 725 

223 , 307 

2 . 286 

2 , 922 

1 . 700 

30 

L 

1 , 113 

645 * 

180 

494 , 189 , 366 

2 , 967 

16 , 110 , 000 

2 , 817 

318 , 620 

12 , 479 

4 , 700 

1 , 973 

SS 55 

1 . 404 

891 

200 

543 , 807 , 741 

2 . 980 

19 , 900 , 000 

2 , 879 

437 , 800 

2 , 626 

7 , 187 

2 , 205 

94 94 

L 

1 , 679 

1 , 152 

+ + + + + + + + + + + + + + + + + + + + + + 

+ + + + + + + + + + + + + + + + + + + + + + + 

+ + + + + + + + + + + + + + + + + + + + 

+ + + + + + + + + + + + + + + + + + + + 

+ + + + + + + + + + + + + + + + + + + 

+ + + + + + + + + + + + + + + + + + + + + + + + + + 

+ + + + + + + + + + + + + + + + 

500 

US 2018 / 0202003 A1 

FIG . 5 



Patent Application Publication Jul . 19 , 2018 Sheet 6 of 26 US 2018 / 0202003 A1 

600 * * * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * . * 300 * . * . * . * * . * . * . 

* * * * 

317474 * 
* * * * * * * * # 7 

14 . 11111111111111111111111111111 WWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWWW 

FIG . 6A 
* * * * * * * * * * * * * * * 
7777 * * * * * w 

W207010420224466666 * 
Percentage of cancer - associated mutations detected 

30 % 
46 , XOX 

30X 

I TATISTI 
KA 

* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * sro 

% ' ' ' ' ' ' ' ' ' ' ' ' ' ' ' . . . . . . . . . . . . . . . . . . ' . ' . ' . ' . ' . ' . 1 1 % 

Sequencing depth ( folds ) 

4 , 4 , , 4 , 4 , , , 4 , , , 4 , , , 4 , , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , 4 , , 4 

* 

? ? ? ? ? ? 650 

* 3 * * WWW ? ? ? ? ? ? ? ? ? Maritimanttinnititiging WWNW * * NVINNIN VANNA FIG . 6B 
? ? ? 

. 

WW 
wines o * ? ? * * 2 * 3 34 3U IN 

SIS * * 
4 ????????????? ; 

norisirisirisirisirisiririririririririririririririririririririririririririririririririririririri . 
the 

strong 
? ? and their ? ? 

: ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

mother 
things 

* * * * * * * * * * * * * * * * 

w wwwwww xwwwww * * * * * * * * * * * * * * * * * * * * * * * * * * * * 

Sequencing depta { folds ) 



FFIG , TA 

780 

750 

_ US 2018 / 020200341 

P { G . TB 

? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

? 
? ???????????????????? ? 

. ? 4 ? 

? 

? 

? 

? ? ? 

& 

?????????? ? ? 

\ 

? 

? ? 

£xgx5 

? 

?????????????????? 

\ 
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

? 

_ 

? 
? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

$ 

? 

? ? 3 * 

? 

? 

? 

? ? 

? 

? 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 

? ? 

? ? 

? ? ?? ? 

? 

? ? ? ? ? ? ? ? ? ? ? 

? 

? ? 

? 

? ? 

? 

??? . 

* * * * * * " " " 

? 

? 

* 

$ 

? 

, . . ?? . . - ; 

? ? 

Jul . 19 , 2018 Sheet 7 0f 26 

? 

? 

? ?? : : : 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

* * * 

? ? ? ? ? ? ? ? ? ? ? ? ? 

$ 

: : : ; : : : 

? ? ? ? ? ? ? ? ? ? ? ? 

? ?? ?? ??? ??? ? 

. . . : : : . . . . . . . . . . . . . . . . . . . . . 
? 

????? » dp8qxf ? ?? 8 ? ????? ? 

? ? & & ? » £ * f ' ci 

* * 

? 

? ? ? ? ? ? ? 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . … . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . … . . . . . . . . . . . ( 

: : : : : ?????????? : : : : : : : : : : : : : : : : : : : - * 

; , ; , ; : : : : : ; 

?? ? 

? ? . ? ? ? 

????????? . : : 

? ? 

? ? ? 

? ? : ; ? 

?? . . . 

o ' i ' n ' c ' i ' n ' i ' n ' 

382 

* ; ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ??? ? 

" " " " * ' 

? ? ? : : : : : : : 

. ? : ; . . 

? 

? 

. . . . . . . . . . . . . 

? 

? 

; ; 

: : : : : : : : : ; : ; : ; : ; 

' " ? 

; ; ; ; ; ; ; ; ; 

?? 

: : : : ? ? 

? ? ? ? ? ? ? ? ? 

? 

; ; ; ; ; ? ? ? ? ? ? ? 

. . 

: ; : 

? 

; ; ; 

: 

; 

. . . 

; ; ; ; ; ; ; ; 

? 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ' . . ' . 

? ? ? ? ? ? ? 

1 

? ? ? ? 

* * * * * 

? 

* * * * * 

* * 

* * 

* * 

* * 

* * * * * * 

* * * * 

* * * * : 

* * * * * 

Patent Application Publication 

* * * * * * * : 

? 

? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? 

? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? 

? 

_ 

_ 

_ 

_ _ 

? _ 

? ?? ? 

? ? 

? % 82 ??? ???? 

' ? A ? 

w 
$ 
$ 

$ 

« 
? 

981 3 
% 
8 
& 
q 
% 

8288 

* * 

* * * 

* * * * * * * * * * * * * * * * * 

* * * 

* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * 

* * * * * * * * * * * * * * * * * * * * 

* * * * * * * * * * * * * * * * 

* * * 

* * * * * * * * * * * * * * * * 

* * * 

* * 

' . - . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' . " . ' ; 



Patent Application Publication 

Case 

No . of SNVS 

No . of tumor - associated SNVs sequenced from 

detected in the Time point 

" plasma ( % of SNVs seen 

tumor tissue 

in tumor tissue ) 

No . of plasma DNA sequence reads showing SNVS 

No . of plasma Deduced fractional 

Deduced fractional 

concentration of 

DNA sequence 

reads showing tumor - derived DNA concentration of 

tumor - derived 

by SNV analysis 

wildtype 

DNA by GAAL 

sequence 

, 2p 

analysis 

p + 9 

31 , 602 

53 % 

52 % 

Pre - Tx 

2 , 569 ( 94 % ) 

11 , 389 

HCCI 

2 , 840 

Post - Tx 

44 ( 1 . 5 % ) 

91 

46 , 898 

0 . 4 % 

1 . 4 % 

Pre - Tx 

1 , 097 ( 35 % ) 

1 , 490 

57 , 865 

5 . 0 % 

4 . 3 % 

HCC2 

3 , 105 

Post - Tx 

72 ( 2 . 3 % ) 

206 

66 , 692 

0 . 6 % 

0 . 9 % 

wwwwwwwwwwwwwwwwwwwwwwwwww 
Pre - Tx 

525 

48 , 886 

2 . 1 % 

5 . 6 % 

Jul . 19 , 2018 Sheet 8 of 26 

HCC3 

7 

3 , 171 

Post - Tx 

67 

58 , 862 

0 . 2 % 

461 ( 15 % ) 31 ( 1 % ) 201 ( 15 % ) 74 ( 5 . 5 % ) 

0 . 9 % 

Pre - Tx 

248 

18 , 527 

2 . 6 % 

7 . 6 % 

HCC4 

1 , 334 

Post - Tx 

149 149 

22 . 144 22 , 144 

1 . 3 % 1 . 3 % 

2 . 7 % 2 . 7 % 

800 

FIG . 8 

US 2018 / 0202003 A1 



iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii 
vive 

e 

HCCI SNVS 

HCC2 SNVS 

HCC3 SNVS 

Plasma DNA sequence reads showing tumor associated SNVs 
Plasma DNA sequence reads showing wildtype sequence 

Controls 

Plasma DNA sequence reads showing tumor associated SNVS 
Plasma DNA sequence reads showing wildtype sequence 

Plasma DNA sequence reads showing tumor associated SNVS 

Fractional concentrati on of all tumor associated SNVs in plasma 

Plasma DNA sequence reads showing wildtype sequence 

Patent Application Publication 

showing 
rap 
( 9 ) 

112 100 

30 37 50 

1 

74 

60 55 41 42 41 

97 

COL CO2 CO3 C04 C05 C06 C07 C08 C09 C10 CII C12 C13 C14 C15 C16 

HCC4 SNVS 

All SNVS 

Plasma 

Plasma 

Plasma 

Plasma DNA 

DNA 

DNA 

DNA sequence 

sequence 

sequence 
reads 

sequence 
reads 

reads 

reads showing 

showing 

showing tumor 

tumor 

wildtype associated 

wildtype 

associated 

sequence 
SNVS 
sequence 
SNVS 

( p ) 

69 1 14 , 389 205 | 117 , 645 58 16 , 097 267 130 , 587 
17 , 039 279 142 , 448 

87 17 , 358 254 149 , 617 70 14 , 821 229 119 , 829 16 , 762 243 132 , 842 72 17 , 601 303 145 , 305 
17 , 275 311 143 , 915 

81 

16 , 503 

133 , 247 

65 16 , 009 249 133 , 198 72 16 , 801 247 138 , 334 | 18 , 598 286 150 , 725 
14 , 450 216 124 , 799 

91 17 , 807 279 145 , 083 

73 

16 , 154 253 133 , 821 
52 14 , 502 197 124 , 589 

Mean 

31 , 261 34 , 368 37 , 931 40 . 277 31 , 655 34 , 604 38 , 664 38 , 514 34 . 945 35 , 197 36 , 693 39 , 506 33 , 799 38 , 199 36 , 106 33 , 633 

131 

38 , 172 42 , 660 46 , 297 48 , 441 38 , 787 43 , 999 47 , 200 46 , 464 43 , 760 43 , 622 | 45 , 108 50 , 085 40 , 309 47 , 832 43 , 129 40 , 023 

33 , 823 37 , 462 41 , 181 43 , 541 34 , 566 37 , 477 41 , 840 41 , 662 38 , 039 38 , 370 39 , 732 42 , 536 36 , 241 41 , 245 38 , 432 36 , 431 

p # 4 0 . 35 % 0 . 41 % 0 . 39 % 0 . 34 % 0 . 38 % 0 . 37 % 0 . 42 % 0 . 43 % 0 . 40 % 0 . 37 % 0 . 36 % 0 . 38 % 0 . 35 % 0 . 38 % 0 . 38 % 0 . 32 % 0 . 38 % 

Jul . 19 , 2018 Sheet 9 of 26 

115 

270 

44 

51 39 46 

95 104 71 

45 36 

91 70 

wwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwww AM 

42 

- - - 

- 

- 

49 

42 41 41 

90 66 

38 

US 2018 / 0202003 A1 

FIG . 9 

900 



$ f1 : 4 4 

4 

* ) . Q ' % { ; & 

. 0 : 3 

$ 

????????? ? 
? ? ? 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 

??????? 

Patent Application Publicati0ll 

" ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

??? ? 

? ? 

? 

? 

? 

? 

? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

. . ? ? ? ? ? ? ? 

. ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

. . . ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? 

? ? 
LOOK 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

? 

; 

? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

?? ? 

? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

* 

* 

* * * * * * * * * * * * * * * * * * * * * * * * * * ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

* ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

Jul . 19 , 2018 Sheet 10 Of 26US 2018 / 0202003 Al 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

????? 

, 

?? 

3000 

3 050 

P { G . 104 

FjG . 108 



1100 

Jul . 19 , 2018 Sheet 11 0f 26US 2018 / 0202003 Al 

? ? 

? ? ? ? 

? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

??? ? ??? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? 

??? ??? ??? ??? ??? ??? ??? ??? ??? ??? ??? ???? ?? ? 

? ? ? ? ? ? 
? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? 

? ? ? 

? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? 

? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

? 

? ? ? 

? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

* * 

* * * * 

FIG . 11 

? 

? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? 

? ? 

? 

? ? ? ? ? ? ? ? ? 

? ? ? 
? ? ? 

? ? ? ? 

? ? 

? ? ? 

? 

? 

? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? ? 

Patent Application Publicati0ll 

? 

?? 



Patent Application Publication Jul . 19 , 2018 Sheet 12 of 26 US 2018 / 0202003 A1 

1200 
1210 Receive one or more sequenced tags for each of a plurality 

of DNA fragments in a biological sample of the subject 

1220 Determine genomic positions for the sequenced tags 

for each of a plurality of genomic regions 

1230 
Determine a respective amount of DNA fragments within the 

genomic region fron? sequence tags having a genomic 
position within the genomic region 

recerca 

1240 Normalize the respective amount to 
obtain a respective density 

1250 Compare the respective density to a reference density to identify 
whether the genomic region exhibits a 1 - copy loss or a 1 - copy gain 

1260 
Calculate a first density from respective densities identified 
as exhibiting a 1 - copy loss or from respective densities 

identified as exhibiting a l - copy gain 

- - - 

1270 Calculate the fractional concentration by comparing the first 
density to another density to obtain a differential that is 

normalized with the reference density 
- - - - 

FIG . 12 



Patent Application Publication Jul . 19 , 2018 Sheet 13 of 26 US 2018 / 0202003 A1 

Percentage 
of No . of times 

detected in 
plasma ( N ) 

No . of 
potential 
mutations 
detected N 
times in 
plasma 

No . of 
potential 
mutations 

detected N 
times in 
plasma 

Tunior 
mutations 
detected N 
times in 
plasma 

Tumor 
mutations 
detected > N 

times in 
plasma 

mutations 
detected 
compared 
with N = 1 

Positive 
predictive 
value 

3 , 605 , 085 
13 , 518 

hhhhhhhhhhhhhhhh 

2 
2 , 029 

83 
5 140 

161 

766 
437 
313 
265 
261 
231 
191 
179 
148 
122 
99 
74 
54 

3 , 623 , 970 
18 , 885 
5 , 367 
3 , 338 
2 , 572 
2 , 135 
1 , 822 
1 , 557 
1 , 296 
1 , 065 
874 
695 
547 
425 
326 
252 
198 
159 

2 , 064 
2 , 003 
1 , 968 
1 , 897 
1 , 814 
1 , 674 
1 , 513 
1 , 348 
1 , 156 
971 
811 
646 
509 

100 % 
97 % 
95 % 
92 % 
88 % 
81 % 
73 % 
65 % 
56 % 
47 % 
39 % 
31 % 

165 
192 
1 . 85 
160 
165 
137 

25 % 
92 19 % 

74 
400 
308 
237 

15 % 
11 % 

0 . 06 % 
11 % 
37 % 
57 % 
71 % 
78 % 
83 % 
87 % 
89 % 
91 % 
93 % 
93 % 

93 % 
94 % 
94 % 
94 % 
95 % 
94 % 
94 % 
93 % 
91 % 
90 % 
90 % 
88 % 
94 % 

93 % 
100 % 
100 % 
100 % 

9 % 188 
149 
116 124 

100 SIN 93 

73 

6 % 
5 % 
4 % 
3 % 

80 
62 56 

46 46 2 % 

912 laulo 32 
7 28 26 

21 

2 % 
2 % 
1 % 
1 % 
1 % 
1 % 
0 % 

13 
4 12 

o 30 001 8 

1300 
FIG . 13A 



Patent Application Publication Jul . 19 , 2018 Sheet 14 of 26 US 2018 / 0202003 A1 

No . of 
times 

detected in 
plasma ( N ) 

No . of 
potential 
mutations 
detected N 
times in 
plasma 

No . of 
potential 
mutations 

detected > N 
times in 
plasma 

Tumor Tumor 
mutations 1 mutations 
detected N detected 
times in > N times 
plas?na in plas?na 

Percentage 
of 

mutations 
detected 
compared 
with N = 1 

Positive 
predictive 

value 

54 3 , 155 , 634 
9 . 835 
1 , 123 
314 
132 

3 , 167 , 144 
11 , 510 
1 , 675 
552 

100 % 
6 % 
2 % 

< 0 . 01 % 
0 . 03 % 
0 . 06 % 

1 

238 } 1 

49 } howo utwo 1 106 
57 

1 

22 

6 
5 

Il 

2 . 

* NNNe vom ) 

* * * * * * * * * * * * * * * * * * * * 

16 - - 

) 

* * * * * * * * * - zizi a 

???????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????????? wariannamaria 

10 

23 ) 

) 

25 ) iii ! 
) 

} 

27 ) } 

. 

29 TTTTT 
LLLLLLLLL LLLLLLLLLLLLLL L LLLL 

1300 
FIG . 13B 



Sequencing depth 
riucleotides with 

positions with 

Post - treatment plasma Total no . nucleotide 

positions with No . of sites with 

single nucleotide corresponding 
variations detected changes in tumor 

in plasma 

FIG . 14A 

Patent Application Publication 

Pre - treatment plasma 

Percentage of 1 

Total no . nucleotide No . of sites 
with 

single nucleotide corresponding 

the specified 

variations detected changes in 

sequencing depth 
in plasma 

tumor 

36 . 3 % 29 . 9 % 18 . 6 % 9 . 4 % 4 . 2 % 1 . 6 % 

57 

55 

Percentage of fiucleotides with the specified 
sequencing depth 30 . 5 % 31 . 2 % 20 . 8 % 10 . 9 % 4 . 8 % 1 . 7 % 

1400 

550 50 - 125 126 - 235 236 - 380 381 - - 560 561 - 760 Total 

1 

1111111111111111111111111111111111 
wala 

ooooooo 

loooo 

FIG . 14B 

Sequencing depth 

?????????????????????????????????? 

Pre - treatment plasma 
Total no . 

Percentage of nucleotide 
nucleotides positions with 

No . of sites with 

with the 

single 

corresponding 

specified nucleotide 

changes in tumor 

sequencing variations 
depth 

detected in plasma 

30 . 0 % 33 . 6 % 21 . 6 % 10 . 2 % 3 . 7 % 0 . 9 % 

18 

Jul . 19 , 2018 Sheet 15 of 26 

Post - treatment plasma 
Total no . 

Percentage of nucleotide 

No . of sites 

nucleotides positions with 

with 

with the 

single 

specified nucleotide 

corresponding changes in 

variations 
sequencing 

tumor 

depth detected in 
plasma 

27 . 1 % 32 . 5 % 22 . 2 % 11 . 5 % 4 . 9 % 1 . 7 % 

1450 

< 50 50 - 125 126 - 235 236 - 380 381 - 560 561 - 760 Total 

int 

mito non 

US 2018 / 0202003 A1 

18 



FIG . 15A 

Sequencing depth 

- - - 

Pre - treatment plasma 

Percentage of 

Total no . 

nucleotide No . of sites 

nucleotides 

positions with with 

with the 

single nucleotide corresponding 

specified 

variations changes in 

sequencing 

detected in 

tumor 

depth 

plasma 

38 . 8 % 

0 

45 . 7 % 

0 

15 . 2 % 0 . 2 % < 0 . 1 % < 0 . 1 % 

Patent Application Publication 

1500 

Post - treatment plasma 
Total no . 

Percentage of 

nucleotide l No . of sites 

nucleotides 

positions with with 

with the specified 

single nucleotide corresponding 
variations changes in 

sequencing 

detected in 

tumor 

depth 

plasma 

18 . 5 % 

0 

28 . 6 % 25 . 1 % 16 . 2 % 8 . 3 % 3 . 4 % 

ME 

MMMMMMMMMMMMMMMM . 

< 50 50 - - 125 126 - 235 236 - 380 381 - 560 561 - 760 Total 

?? ? 

oooooo 

Oooooo 

Sequencing depth 

Jul . 19 , 2018 Sheet 16 of 26 

Pre - treatment plasma 
Total no . 

Percentage of 

nucleotide No . of sites 

nucleotides 

positions with with 

with the 

single nucleotide corresponding 

specified 

variations changes in 

sequencing 
detected in 

tunior 

depth 

plasma 

26 . 7 % 35 . 9 % 24 . 7 % 10 . 4 % 2 . 2 % 0 . 1 % 

FIG . 15B 

Post - treatment plasma 
Total no . 

Percentage of 

nucleotide No . of sites 

nucleotides 

positions with with 

with the specified 

single nucleotide corresponding 
variations changes in 

sequencing 

detected in tuinor 

depth 

plasma 

24 . 4 % 31 . 2 % 23 . 1 % 13 . 1 % 6 . 0 % 2 . 2 % 

1550 

amnet N 

III 

< 50 50 - 125 126 - 235 236 - 380 381 - 560 561 - 760 Total 

US 2018 / 0202003 A1 



Patent Application Publication 

Sequencing depth 

No . of sites with corresponding changes in tumor 

Pre - treatment plasma 
Total no . 

Percentage of 

nucleotide 

nucleotides 

positions with 

with the 

single nucleotide 

specified 

variations 
sequencing 

detected in 

depth 

plasma 

311 % 

7 

30 . 3 % 20 . 5 % 11 . 3 % 

13 

5 . 2 % 1 . 8 % 

Post - treatment plasma 
Total no . 

Percentage of 

nucleotide No . of sites 

nucleotides 

positions with 

with 

with the 

single nucleotide corresponding 

specified 

variations changes in 

sequencing 

detected in 

tumor 

depth 

plasma 

30 . 8 % 

0 

< 50 50 - 125 

14 

14 

33 . 2 % 

1 

126 - 235 

19 

19 

21 . 6 % 

0 

Jul . 19 , 2018 Sheet 17 of 26 

236 - 380 

13 

10 . 3 % 

381 - 560 

4 

3 . 5 % 

ololo 

stil 

561 - 760 

2 

0 . 7 % 

Total 

64 

59 

FIG . 16 

1600 

US 2018 / 0202003 A1 



Patent Application Publication Jul . 19 , 2018 Sheet 18 of 26 US 2018 / 0202003 A1 

Sequencing 
depth 
( folds ) 

Sensitivity when mutant is defined as being seen in the tumor tissue 
sequencing data for at least n times , where n = 

73 % 56 % 
60 % 

24 % 
77 % 

13 % 
16 % 28 % 

31 % 

38 % 
43 % 
47 % 
51 % 
55 % 

7 % 
9 % 
11 % 64 % 80 % 

83 % 
19 % 

13 % 
15 % 

59 % 
85 % 
87 % 
89 % 
90 % 
92 % 

68 % 
71 % 
75 % 
78 % 
80 % 
83 % 

35 % 
39 % 
43 % 
47 % 
51 % 
55 % 

63 % 
67 % 
70 % 
73 % 
76 % 
78 % 

22 % 
26 % 
29 % 
33 % 
36 % 
40 % 
44 % 93 % 85 % 59 % 

62 % 48 % 87 % 
89 % 66 % 

81 % 

94 % 
95 % 
96 % 
96 % 
97 % 
97 % 

% 06 
% 16 

69 % 
72 % 

93 % 
83 % 
85 % 
87 % 
88 % 

94 % 

18 % 
21 % 
24 % 
27 % 
30 % 
34 % 
37 % 
41 % 
44 % 
48 % 
51 % 
54 % 
58 % 
61 % 
64 % 
67 % 
69 % 
72 % 
75 % 
77 % 
79 % 

% 86 
% 86 

95 % 
95 % % 06 
96 % 91 % 

92 % 97 % 
97 % 
98 % 
98 % 
98 % 

74 % 
77 % 
79 % 
82 % 
84 % 
85 % 
87 % 
88 % 
90 % 
91 % 
92 % 
93 % 
94 % 
95 % 

1700 

93 % 
94 % 
95 % 
96 % 
96 % 
97 % 
97 % 
98 % 
98 % 
98 % 

98 % 
99 % 
99 % 
99 % 

81 % 

51 % 
55 % 
58 % 
61 % 
65 % 
68 % 
70 % 
73 % 
76 % 
78 % 
80 % 
82 % 
84 % 
86 % 
87 % 
89 % 
90 % 
91 % 
92 % 
93 % 
94 % 
95 % 
95 % 
96 % 
96 % 
97 % 
97 % 
98 % 
98 % 

98 % 
98 % 
99 % 

83 % 
84 % % 66 

% 66 
95 % 
96 % 86 % 

88 % 

99 % 
99 % 
99 % 
99 % 
99 % 
99 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 

% 68 
% 06 
% 16 

In A 

% 66 
% 66 
% 66 
% 66 
% 66 92 % 

99 % 
99 % 

FIG . 17 93 % 
94 % 
95 % 
95 % 
96 % 

99 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 

97 % 
97 % 
97 % 
98 % 
98 % 
98 % 
99 % 
99 % 
99 % 
99 % 
99 % 
99 % 
99 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 

96 % 

100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 
100 % 

97 % 
97 % 
97 % % 66 

% 66 
99 % 
99 % 
99 % 

98 % 
98 % 
98 % 
99 % 
99 % 
99 % 
99 % 

99 % 
100 % 
100 % 



FIG . 18 
1800 

US 2018 / 0202003 A1 

aoo 

OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO 
fools 

con 

o 

como 
o 

o o o o 

o o 

o MOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO 
Jul . 19 , 2018 Sheet 19 of 26 

No . of false positives in the whole genome when a mutant is defined as being seen in 
the tumor sequencing data for at least n times , where na 

OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOoo Soome 

4 n { ? 

?? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? 

? ?? 

? ? 

?? 

? ? 

? ? 

? 
? 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

- 

N 

je 

On 

mwen pound man med mi mi 

ermmm et mo 

mais home mai mare 

mi pa 

m 

n 

n o 

o 

amor 
. 

leer hoe 

ed 0 

no AN 
96 
102 

Patent Application Publication 

PPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPPP 

Sequencing 
depth 
( folds ) 

anging 

4 

N 

NONN 
? 

? 

??? ?? ? 

mm 

WAN WWW 



Right tumor 

Loft tumor Left tumor 

Patent Application Publication 

Site A only 71 

Site B only 122 

Site Conly 168 

Site Donly 248 

Both sites A & B 

Both sites C & D 

Jul . 19 , 2018 Sheet 20 of 26 

10 

All sites A , B , C & D 2129 

US 2018 / 0202003 A1 

FIG . 19 



Pre - treatment plasma 

Post - treatment plasma 

Patent Application Publication 

No . of DNA 

Category 
No . of loci with a mutation 

No . of DNA fragments carrying wildtype alleles 

fragments carrying mutant alleles 

Fractional concentration of tumor derived DNA 

No . of No . of DNA DNA fragments fragments carrying | carrying wildtype mutant alleles alleles 

Fractional concentration of tumor derived DNA 

3 , 321 

2 . 20 % 

2 , 149 

0 . 46 % 

0 . 28 % 

0 . 06 % 

sua 

1 . 19 % 

0 . 07 % 

LLLLLLLLLLLL 

UUUUUUUUUUUU 

5 , 633 8 , 507 10 , 880 423 

3 , 516 5 , 438 7 , 060 297 

in maar oo 

0 . 48 % 

Jul . 19 , 2018 Sheet 21 of 26 

0 . 06 % 0 . 00 % 

10 
_ 12 

CD 

12 

569 

9 . 46 % 1 . 05 % 46 . 26 % 

333 

0 . 00 % 

ABCD 

2129 

| 70 , 940 

21 , 344 

61 , 417 

54 

1 

0 . 18 % 

2000 

FIG . 20 

US 2018 / 0202003 A1 



: : 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* * 

Patent Application Publication 

2100 

L29 

Z Mutations detected in 1 
tumor site 

Mutations detected in all 
four tumor sites 

Percentage of mutations ( % ) 

* 

. - - 

é o ó f ö i o 

Jul . 19 , 2018 Sheet 22 of 26 

ullIllIILILL . 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

No . of times the mutation is detected in plasma 

US 2018 / 0202003 A1 

FIG . 21 



Å 

Patent Application Publication 

Ø 

Site - specific mutations 

2200 

Shared mutations 

Proportion of mutation sites 
& . 

Combining both types 
of mutations 

ITZE 
zum 

WRITINTIWITIZIE 

WITZ 

Jul . 19 , 2018 Sheet 23 of 26 

WIZIZZI 

bokY NI 

combocomotive - 

1 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 

W 

No . of times detected in plasma 

US 2018 / 0202003 A1 

FIG . 22 



Healthy control subject 

+ + + 

+ + + + + + 

+ + + 

+ + + 

+ 

* 

* * 

* * 

* * 

* 

+ + + + + + + + + 

+ 

Cat . 

ICI 

1C2 

103 

TC4 

ICS 

TE 

TC7 

108 

ICO | TCIO 

TCII 

TC12 

TC13 

TC14 

TC15 

IC16 

No ( fractional concentration ) of mutant alleles un plasma 

Patent Application Publication 

6 

3 

???? 

( 0 . 20 

0 

( 0 . 17 % 

( 0 . 17 
% ) 

0 . 1 826 ) 

( 0 . 17 % ) 

0 

0 

( 0 . 07 % ) 

( 0 . 38 

0 . 17 | ( 0 . 38 

% ) 

( 0 . 38 % ) 0 . 38 % ) 

0 

( 0 . 0 

( 0 . 05 % 

1 
( 0 . 10 

1 0 . 12 

( 0 . 04 % ) 

( 0 . 11 % ) 

% ) 

% ) 

( 0 . 16 

0 . 06 % ) 

( 0 . 07 

2 ) 

% 

mend 

% 

Jul . 19 , 2018 Sheet 24 of 26 

1 

% ) 

4 

5 

212 2 

11 ( 0 . 07 % 

ABCD 

( 0 . 01 % 

0 . 06 % 

( 0 . 03 

0 . 0 

( 0 . 02 % ) 

( 0 . 03 

( 0 . 02 % ) 

0 

( 0 . 031 ( 0 . 02 % 

3 ( 0 . 02 
9 ) 

( 0 . 01 

( 0 . 03 
% ) 

2 ( 0 . 01 % ) 

% 

( 0 . 03 % ) 

US 2018 / 0202003 A1 

FIG . 23 

2300 



Patent Application Publication Jul . 19 , 2018 Sheet 25 of 26 US 2018 / 0202003 A1 

2400 

Obtaining a constitutional genome 
of the subject 2410 

SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS 

2420 
Receive one or more sequenced tags for each of a plurality 
of DNA fragments in a biological sample of the subject 

Determine genomic positions for the sequenced tags 
2430 

Determine a first number of first loci where at least 
N sequence tags have a nucleotide variant relative 

to the constitutional genome 2440 

2450 
Calculate a measure of heterogeneity of the one or 
more tumors based on the respective first numbers 

of the set of first genomic locations 

2460 Compare the heterogeneity measure to one or more 
thresholds to classify a level of heterogeneity . 

FIG . 24 



Patent Application Publication 

VO CONTROLLER 2571 
SYSTEM MEMORY 2572 

CENTRAL PROCESSOR 2573 
PRINTER 2574 

2575 

* * * 

. . 

. . . . . . . . . . . . . . . . . . . 

- Z2141 

* * 

KM 

* * * * * 

DISPLAY ADAPTER 2582 

SERIAL PORT 2577 

KEYBOARD 2578 

FIXED DISK 2579 

EXTERNAL INTERFACE 2581 

Jul . 19 , 2018 Sheet 26 of 26 

' ' Eeeeeeeeeeee 

MONITOR 2576 

FIG . 25 

2500 

US 2018 / 0202003 A1 



US 2018 / 0202003 A1 Jul . 19 , 2018 

SEQUENCE VARIANT ANALYSIS OF 
CELL - FREE DNA FOR CANCER 

SCREENING 

BACKGROUND 
[ 0001 ] It has been shown that tumor - derived DNA is 
present in the cell - free plasma / serum of cancer patients 
( Chen XQ et al . Nat Med 1996 ; 2 : 1033 - 1035 ) . Most current 
methods are based on the direct analysis of mutations known 
to be associated with cancer ( Diehl F et al . Proc Natl Acad 
Sci 2005 ; 102 : 16368 - 16373 ; Forshew T et al . Sci Transl 
Med 2012 ; 4 : 136ra68 ) . Another method has investigated 
cancer - associated copy number variations detected by ran 
dom sequencing of plasma DNA ( U . S . Patent Publication 
2013 / 0040824 by Lo et al . ) . 
[ 0002 ] It is known that with time , more than one cancer 
cell would acquire growth advantage and produce multiple 
clones of daughter cells . Ultimately , the tumorous growth 
and / or its metastatic foci would contain a conglomerate of 
groups of clonal cancer cells . This phenomenon is typically 
referred as tumor heterogeneity ( Gerlinger M et al . N Engl 
J Med 2012 ; 366 : 883 - 892 ; Yap T A et al . Sci Transl Med 
2012 ; 4 : 127ps10 ) . 
[ 0003 ] Cancers are known to be highly heterogeneous , i . e . 
mutation profile of cancers of the same tissue type can vary 
widely . Therefore , the direct analysis of specific mutations 
can typically detect only a subset of the cases within a 
particular cancer type known to be associated with those 
specific mutations . Additionally , tumor - derived DNA is usu 
ally the minor species of DNA in human plasma ; the 
absolute concentration of DNA in plasma is low . Therefore , 
the direct detection of one or a small group of cancer 
associated mutations in plasma or serum may achieve low 
analytical sensitivity even among patients with cancers 
known to be harboring the targeted mutations . Furthermore , 
it has been shown that there is significant intratumoral 
heterogeneity in terms of mutations even within a single 
tumor . The mutations can be found in only a subpopulation 
of the tumor cells . The difference in the mutational profiles 
between the primary tumor and the metastatic lesions is even 
bigger . One example of intratumoral and primary - metastasis 
heterogeneity involves the KRAS , BRAF and PIK3CA 
genes in patients suffering from colorectal cancers ( Baldus 
et al . Clin Cancer Research 2010 . 16 : 790 - 9 . ) . 
[ 0004 ] In a scenario in which a patient has a primary tumor 
( carrying a KRAS mutation but not a PIK3CA mutation ) and 
a concealed metastatic lesion ( carrying a PIK3CA mutation 
but not a KRAS mutation ) , if one focused on the detection 
of the KRAS mutation in the primary tumor , the concealed 
metastatic lesion cannot be detected . However , if one 
included both mutations in the analysis , both the primary 
tumor and the concealed metastatic lesion can be detected . 
Hence , the test involving both mutations would have a 
higher sensitivity in the detection of residual tumor tissues . 
Such a simple example becomes more complex when one is 
screening for cancer , and as one has little or no clue of the 
types of mutations that might occur . 
10005 ] It is therefore desirable to provide new techniques 
to perform a broad screening , detection , or assessment for 
cancer 

a subject undergoing screening or monitoring for cancer , 
when compared with that in the constitutional DNA of the 
same subject . Random sequencing can be used to determine 
these frequencies . A parameter can derived from these 
frequencies and used to determine a classification of a level 
of cancer . False positives can be filtered out by requiring any 
variant locus to have at least a specified number of variant 
sequence reads ( tags ) , thereby providing a more accurate 
parameter . The relative frequencies for different variant loci 
can be analyzed to determine a level of heterogeneity of 
tumors in a patient . 
[ 0007 ] In one embodiment , the parameter can be com 
pared with the same parameter derived from a group of 
subjects without cancer , or with a low risk of cancer . A 
significant difference in the parameter obtained from the test 
subject and that from the group of subjects without cancer , 
or with a low risk of cancer , can indicate an increased risk 
that the test subject has cancer or a premalignant condition 
or would develop cancer in the future . Thus , in one embodi 
ment , plasma DNA analysis can be conducted without prior 
genomic information of the tumor . Such an embodiment is 
thus especially useful for the screening of cancer . 

[ 0008 ] In another embodiment , embodiments can also be 
used for monitoring a cancer patient following treatment and 
to see if there is residual tumor or if the tumor has relapsed . 
For example , a patient with residual tumor or in whom the 
tumor has relapsed would have a higher frequency of 
somatic mutations than one in whom there is no residual 
tumor or in whom no tumor relapse is observed . The 
monitoring can involve obtaining samples from a cancer 
patient at multiple time points following treatment for 
ascertaining the temporal variations of tumor - associated 
genetic aberrations in bodily fluids or other samples with 
cell - free nucleic acids , e . g . plasma or serum . 
0009 ] According to one embodiment , a method detects 
cancer or premalignant change in a subject . A constitutional 
genome of the subject is obtained . One or more sequence 
tags are received for each of a plurality of DNA fragments 
in a biological sample of the subject , where the biological 
sample includes cell - free DNA . Genomic positions are 
determined for the sequence tags . The sequence tags are 
compared to the constitutional genome to determine a first 
number of first loci . At each first loci , a number of the 
sequence tags having a sequence variant relative to the 
constitutional genome is above a cutoff value , where the 
cutoff value is greater than one . A parameter is determined 
based on a count of sequence tags having a sequence variant 
at the first loci . The parameter is compared to a threshold 
value to determine a classification of a level of cancer in the 
subject . 
[ 0010 ] According to another embodiment , a method ana 
lyzes a heterogeneity of one or more tumors of a subject . A 
constitutional genome of the subject is obtained . One or 
more sequence tags are received for each of a plurality of 
DNA fragments in a biological sample of the subject , where 
the biological sample includes cell - free DNA . Genomic 
positions are determined for the sequence tags . The 
sequence tags are compared to the constitutional genome to 
determine a first number of first loci . At each first loci , a 
number of the sequence tags having a sequence variant 
relative to the constitutional genome is above a cutoff value , 
where the cutoff value is greater than one . A measure of 

SUMMARY 
10006 ] Embodiments can observe a frequency of somatic 
mutations in a biological sample ( e . g . , plasma or serum ) of 
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heterogeneity of the one or more tumors is calculated based 
on the respective first numbers of the set of first genomic 
locations . 
[ 0011 ] According to another embodiment , a method deter 
mines a fractional concentration of tumor DNA in a bio 
logical sample including cell - free DNA . One or more 
sequence tags are received for each of a plurality of DNA 
fragments in the biological sample . Genomic positions are 
determined for the sequence tags . For each of a plurality of 
genomic regions , a respective amount of DNA fragments 
within the genomic region is determined from sequence tags 
having a genomic position within the genomic region . The 
respective amount is normalized to obtain a respective 
density . The respective density is compared to a reference 
density to identify whether the genomic region exhibits a 
1 - copy loss or a 1 - copy gain . A first density is calculated 
from respective densities identified as exhibiting a 1 - copy 
loss or from respective densities identified as exhibiting a 
1 - copy gain . The fractional concentration is calculated by 
comparing the first density to another density to obtain a 
differential , wherein the differential is normalized with the 
reference density . 
[ 0012 ] Other embodiments are directed to systems and 
computer readable media associated with methods described 
herein . 
[ 0013 ] A better understanding of the nature and advan 
tages of the present invention may be gained with reference 
to the following detailed description and the accompanying 
drawings . 

BRIEF DESCRIPTION OF THE DRAWINGS 
[ 0014 ] FIG . 1 is a flowchart of a method 100 for detecting 
cancer or premalignant change in a subject according to 
embodiments of the present invention . 
[ 0015 ) FIG . 2 shows a flowchart of a method comparing 
the sample genome ( SG ) directly to the constitutional 
genome ( CG ) according to embodiments of the present 
invention 
10016 ) . FIG . 3 shows a flowchart of a method 300 com 
paring the sample genome ( SG ) to the constitutional genome 
( CG ) using the reference genome ( RG ) according to 
embodiments of the present invention . 
100171 . FIG . 4 is a table 400 showing the number of 
cancer - associated single nucleotide mutations correctly 
identified using different number of occurrences as the 
criterion for classifying a mutation as being present in the 
sample according to embodiments of the present invention 
when the fractional concentration of tumor - derived DNA in 
the sample is assumed to be 10 % . 
[ 0018 ] FIG . 5 is a table showing the expected number of 
false - positive loci and the expected number of mutations 
identified when the fractional concentration of tumor - de 
rived DNA in the sample is assumed to be 5 % . 
[ 0019 ] FIG . 6A is a graph 600 showing the detection rate 
of cancer - associated mutations in plasma with 10 % and 20 % 
plasma fractional concentrations of tumor - derived DNA and 
using four and six occurrences ( r ) as criteria for calling 
potential cancer - associated mutations . FIG . 6B is a graph 
650 showing the expected number of nucleotide positions 
falsely classified as having a nucleotide change using criteria 
of occurrence ( r ) of 4 , 5 , 6 and 7 vs . sequencing depth . 
[ 0020 ] FIG . 7A is a graph 700 showing the number of true 
cancer - associated mutation sites and false - positive sites with 
difference sequencing depths when the fractional concen 

tration of tumor - derived DNA in the sample is assumed to be 
5 % . FIG . 7B is a graph 750 showing the predicted number 
of false - positive sites involving the analysis of the whole 
genome ( WG ) and all exons . 
[ 0021 ] FIG . 8 is a table 800 showing results for 4 HCC 
patients before and after treatment , including fractional 
concentrations of tumor - derived DNA in plasma according 
to embodiments of the present invention . 
[ 0022 ] FIG . 9 is a table 900 showing detection of the 
HCC - associated SNVs in 16 healthy control subjects 
according to embodiments of the present invention . 
[ 0023 ] FIG . 10A shows a distribution plot of the sequence 
read densities of the tumor sample of an HCC patient 
according to embodiments of the present invention . FIG . 
10B shows a distribution plot 1050 of z - scores for all the 
bins in the plasma of a HCC patient according to embodi 
ments of the present invention . 
[ 0024 ] FIG . 11 shows a distribution plot 1100 of z - scores 
for the plasma of an HCC patient according to embodiments 
of the present invention . 
[ 0025 ] FIG . 12 is a flowchart of a method 1200 of deter 
mining a fractional concentration of tumor DNA in a bio 
logical sample including cell - free DNA according to 
embodiments of the present invention . 
[ 0026 ] FIG . 13A shows a table 1300 of the analysis of 
mutations in the plasma of the patient with ovarian cancers 
and a breast cancer at the time of diagnosis according to 
embodiments of the present invention . 
[ 0027 ] FIG . 13B shows a table 1350 of the analysis of 
mutations in the plasma of the patient with bilateral ovarian 
cancers and a breast cancer after tumor resection according 
to embodiments of the present invention . 
[ 0028 ] FIG . 14A is a table 1400 showing detection of 
single nucleotide variations in plasma DNA for HCC1 . FIG . 
14B is a table 1450 showing detection of single nucleotide 
variations in plasma DNA for HCC2 . 
[ 0029 ] FIG . 15A is a table 1500 showing detection of 
single nucleotide variations in plasma DNA for HCC3 . FIG . 
15B is a table 1550 showing detection of single nucleotide 
variations in plasma DNA for HCC4 . 
[ 0030 ] FIG . 16 is a table 1600 showing detection of single 
nucleotide variations in plasma DNA for the patient with 
ovarian ( and breast ) cancer . 
[ 0031 ] FIG . 17 is a table 1700 showing the predicted 
sensitivities of different requirements of occurrence and 
sequencing depths . 
[ 0032 ] FIG . 18 is a table 1800 showing the predicted 
numbers of false positive loci for different cutoffs and 
different sequencing depths . 
10033 ] FIG . 19 shows a tree diagram illustrating the num 
ber of mutations detected in the different tumor sites . 
[ 0034 ] FIG . 20 is a table 2000 showing the number of 
fragments carrying the tumor - derived mutations in the pre 
treatment and post - treatment plasma sample . 
[ 0035 ] FIG . 21 is a graph 2100 showing distributions of 
occurrence in plasma for the mutations detected in a single 
tumor site and mutations detected in all four tumor sites . 
[ 0036 ] FIG . 22 is a graph 2200 showing predicted distri 
bution of occurrence in plasma for mutations coming from 
a heterogeneous tumor 
[ 0037 ] FIG . 23 demonstrates the specificity of embodi 
ments for 16 healthy control subjects were recruited . 
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[ 0038 ] FIG . 24 is a flowchart of a method 2400 for 
analyzing a heterogeneity of one or more tumors of a subject 
according to embodiments of the present invention . 
[ 0039 ] FIG . 25 shows a block diagram of an example 
computer system 2500 usable with system and methods 
according to embodiments of the present invention . 

DEFINITIONS 
[ 0040 ] As used herein , the term “ locus ” or its plural form 
“ loci ” is a location or address of any length of nucleotides 
( or base pairs ) which may have a variation across genomes . 
A “ bin ” is a region of predetermined length in a genome . A 
plurality of bins may have a same first length ( resolution ) , 
while a different plurality can have a same second length . In 
one embodiment , the bins do not overlap each other . 
0041 ] The term " random sequencing ” as used herein 
refers to sequencing whereby the nucleic acid fragments 
sequenced have not been specifically identified or predeter 
mined before the sequencing procedure . Sequence - specific 
primers to target specific gene loci are not required . The term 
" universal sequencing ” refers to sequencing where sequenc 
ing can start on any fragment . In one embodiment , adapters 
are added to the end of a fragment , and the primers for 
sequencing attached to the adapters . Thus , any fragment can 
be sequenced with the same primer , and thus the sequencing 
can be random . 
[ 0042 ] The term “ sequence tag ” ( also referred to as 
sequence read ) as used herein refers to string of nucleotides 
sequenced from any part or all of a nucleic acid molecule . 
For example , a sequenced tag may be a short string of 
nucleotides ( e . g . , ~ 30 ) sequenced from a nucleic acid frag 
ment , a short string of nucleotides at both ends of a nucleic 
acid fragment , or the sequencing of the entire nucleic acid 
fragment that exists in the biological sample . A nucleic acid 
fragment is any part of a larger nucleic acid molecule . A 
fragment ( e . g . a gene ) may exist separately ( i . e . not con 
nected ) to the other parts of the larger nucleic acid molecule . 
[ 0043 ] The term " constitutional genome ” ( also referred to 
a CG ) is composed of the consensus nucleotides at loci 
within the genome , and thus can be considered a consensus 
sequence . The CG can cover the entire genome of the subject 
( e . g . , the human genome ) , or just parts of the genome . The 
constitutional genome ( CG ) can be obtained from DNA of 
cells as well as cell - free DNA ( e . g . , as can be found in 
plasma ) . Ideally , the consensus nucleotides should indicate 
that a locus is homozygous for one allele or heterozygous for 
two alleles . A heterozygous locus typically contains two 
alleles which are members of a genetic polymorphism . As an 
example , the criteria for determining whether a locus is 
heterozygous can be a threshold of two alleles each appear 
ing in at least a predetermined percentage ( e . g . , 30 % or 
40 % ) of reads aligned to the locus . If one nucleotide appears 
at a sufficient percentage ( e . g . , 70 % or greater ) then the locus 
can be determined to be homozygous in the CG . Although 
the genome of one healthy cell can differ from the genome 
of another healthy cell due to random mutations spontane 
ously occurring during cell division , the CG should not vary 
when such a consensus is used . Some cells can have 
genomes with genomic rearrangements , e . g . , B and T lym 
phocytes , such as involving antibody and T cell receptor 
genes . Such large scale differences would still be a relatively 
small population of the total nucleated cell population in 
blood , and thus such rearrangements would not affect the 
determination of the constitutional genome with sufficient 

sampling ( e . g . , sequencing depth ) of blood cells . Other cell 
types , including buccal cells , skin cells , hair follicles , or 
biopsies of various normal body tissues , can also serve as 
sources of CG . 
[ 0044 ] The term “ constitutional DNA ” refers to any 
source of DNA that is reflective of the genetic makeup with 
which a subject is born . For a subject , examples of “ con 
stitutional samples ” , from which constitutional DNA can be 
obtained , include healthy blood cell DNA , buccal cell DNA 
and hair root DNA . The DNA from these healthy cells 
defines the CG of the subject . The cells can be identified as 
healthy in a variety of ways , e . g . , when a person is known 
to not have cancer or the sample can be obtained from tissue 
that is not likely to contain cancerous or premalignant cells 
( e . g . , hair root DNA when liver cancer is suspected ) . As 
another example , a plasma sample may be obtained when a 
patient is cancer - free , and the determined constitutional 
DNA compared against results from a subsequent plasma 
sample ( e . g . , a year or more later ) . In another embodiment , 
a single biologic sample containing < 50 % of tumor DNA 
can be used for deducing the constitutional genome and the 
tumor - associated genetic alterations . In such a sample , the 
concentrations of tumor - associated single nucleotide muta 
tions would be lower than those of each allele of heterozy 
gous SNPs in the CG . Such a sample can be the same as the 
biological sample used to determine a sample genome , 
described below . 
[ 0045 ] The term “ biological sample ” as used herein refers 
to any sample that is taken from a subject ( e . g . , a human , a 
person with cancer , a person suspected of having cancer , or 
other organisms ) and contains one or more cell - free nucleic 
acid molecule ( s ) of interest . A biological sample can include 
cell - free DNA , some of which can have originated from 
healthy cells and some from tumor cells . For example , tumor 
DNA can be found in blood or other fluids , e . g . , urine , 
pleural fluid , ascitic fluid , peritoneal fluid , saliva , tears or 
cerebrospinal fluid . A non - fluid example is a stool sample , 
which may be mixed with diarrheal fluid . For some of such 
samples , the biological sample can be obtained non - inva 
sively . In some embodiments , the biological sample can be 
used as a constitutional sample . 
[ 0046 ] The term “ sample genome ” ( also referred to as SG ) 
is a collection of sequence reads that have been aligned to 
locations of a genome ( e . g . , a human genome ) . The sample 
genome ( SG ) is not a consensus sequence , but includes 
nucleotides that may appear in only a sufficient number of 
reads ( e . g . , at least 2 or 3 , or higher cutoff values ) . If an allele 
appears a sufficient number of times and it is not part of the 
CG ( i . e . , not part of the consensus sequence ) , then that allele 
can indicate a " single nucleotide mutation ” ( also referred to 
as an SNM ) . Other types of mutations can also be detected 
using the current invention , e . g . mutations involving two or 
more nucleotides , such as affect the number of tandem 
repeat units in a microsatellite or simple tandem repeat 
polymorphism ) , chromosomal translocation ( which can be 
intrachromosomal or interchromosomal ) and sequence 
inversion . 
100471 The term “ reference genome ” ( also referred to as 
RG ) refers to a haploid or diploid genome to which sequence 
reads from the biological sample and the constitutional 
sample can be aligned and compared . For a haploid genome , 
there is only one nucleotide at each locus . For a diploid 
genome , heterozygous loci can be identified , with such a 
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locus having two alleles , where either allele can allow a 
match for alignment to the locus . 
[ 0048 ] The term “ level of cancer ” can refer to whether 
cancer exists , a stage of a cancer , a size of tumor , and / or 
other measure of a severity of a cancer . The level of cancer 
could be a number or other characters . The level could be 
zero . The level of cancer also includes premalignant or 
precancerous conditions ( states ) associated with mutations 
or a number of mutations . The level of cancer can be used 
in various ways . For example , screening can check if cancer 
is present in someone who is not known previously to have 
cancer . Assessment can investigate someone who has been 
diagnosed with cancer . Detection can mean “ screening ' or 
can mean checking if someone , with suggestive features of 
cancer ( e . g . symptoms or other positive tests ) , has cancer . 

DETAILED DESCRIPTION 

[ 0049 ] Embodiments are provided for the detection of 
cancer by the analysis of a biological sample ( e . g . , a blood 
plasma / serum sample ) that is not taken directly from a tumor 
and includes cell - free nucleic acids . The cell - free nucleic 
acids can originate for various types of tissue throughout the 
body . In this manner , a broad analysis for the detection of 
various cancers can be performed . 

[ 0050 ] Genetic aberrations ( including single nucleotide 
mutations , deletions , amplifications , and rearrangements ) 
accumulate in the tumor cells during the development of 
cancers . In embodiments , massively parallel sequencing can 
be used to detect and quantify the single nucleotide muta 
tions ( SNMs ) , also called single nucleotide variations 
( SNVS ) , in body fluids ( e . g . plasma , serum , saliva , ascitic 
fluid , pleural fluid and cerebrospinal fluid ) so as to detect 
and monitor cancers . A quantification of the number of 
SNMs ( or other types of mutations ) can provide a mecha 
nism for identifying early stages of cancer as part of screen 
ing tests . In various implementations , care is taken to 
distinguish sequencing errors and to distinguish spontaneous 
mutations occurring in healthy cells ( e . g . , by requiring 
multiple SNMs to be identified at a particular locus , e . g . , at 
least 3 , 4 , or 5 ) . 
[ 0051 ] Some embodiments also provide noninvasive 
methods for the analysis of tumor heterogeneity , which can 
involve cells within the same tumor ( i . e . intratumoral het 
erogeneity ) or cells from different tumors ( from either the 
same site or from different sites ) within a body . For example , 
one can noninvasively analyze the clonal structure of such 
tumor heterogeneity , including an estimation of the relative 
tumor cell mass containing each mutation . Mutations that 
are present in higher relative concentrations are present in a 
larger number of malignant cells in the body , e . g . , cells that 
have occurred earlier on during the tumorigenic process 
relative to other malignant cells still in the body ( Welch JS 
et al . Cell 2012 ; 150 : 264 - 278 ) . Such mutations , due to their 
higher relative abundance , are expected to exhibit a higher 
diagnostic sensitivity for detecting cancer DNA than those 
with lower relative abundance . A serial monitoring of the 
change of the relative abundance of mutations would allow 
one to noninvasively monitor the change in the clonal 
architecture of tumors , either spontaneously as the disease 
progresses , or in response to treatment . Such information 
would be of use in assessing prognosis or in the early 
detection of tumor resistance to treatment . 

I . Introduction 
[ 0052 ] Mutations can occur during cell division because of 
errors in DNA replication and / or DNA repair . One type of 
such mutations involve the alteration of single nucleotides , 
which can involve multiple sequences from different parts of 
the genome . Cancers are generally believed to be due to the 
clonal expansion of a single cancer cell which has acquired 
growth advantage . This clonal expansion would lead to the 
accumulation of mutations ( e . g . single nucleotide mutations ) 
in all the cancer cells originating from the ancestral cancer 
cell . These progeny tumor cells would share a set of muta 
tions ( e . g . single nucleotide mutations ) . As described herein , 
cancer - associated single nucleotide mutations are detectable 
in the plasma / serum of cancer patients . 
[ 0053 ] Some embodiments can effectively screen for all 
mutations in a biological sample ( e . g . , the plasma or serum ) . 
As the number of mutations are not fixed ( hundreds , thou 
sands , or millions of cancer - associated mutations from dif 
ferent subpopulations of tumor cells can be detected ) , 
embodiments can provide a better sensitivity than tech 
niques that detect specific mutations . The number of muta 
tions can be used to detect cancer . 
[ 0054 ] To provide such a screening of many or all muta 
tions , embodiments can perform a search ( e . g . , a random 
search ) for genetic variations in a biological sample ( e . g . , 
bodily fluids , including plasma and serum ) , which could 
contain tumor - derived DNA . The use of a sample , such as 
plasma , obviates the need to perform an invasive biopsy of 
the tumor or cancer . Also , as the screening can cover all or 
large regions of the genome , the screening is not limited to 
any enumerable and known mutations , but can use the 
existence of any mutation . Moreover , since the number of 
mutations is summed across all or large regions of the 
genome , a higher sensitivity can be obtained . 
10055 ] However , there are polymorphic sites , including 
single nucleotide polymorphisms ( SNPs ) , in the human 
genome , which should not be counted in the mutations . 
Embodiments can ascertain whether genetic variations that 
have been detected are likely to be cancer - associated muta 
tions or are polymorphisms in the genome . For example , as 
part of determining between cancer - associated mutations 
and polymorphisms in the genome , embodiments can deter 
mine a constitutional genome , which can include polymor 
phisms . The polymorphisms of the constitutional genome 
( CG ) can be confined to polymorphisms that are exhibited 
with a sufficiently high percentage ( e . g . , 30 - 40 % ) in the 
sequencing data . 
[ 0056 ] The sequences obtained from the biological sample 
can then be aligned to the constitutional genome and varia 
tions that are single nucleotide mutations ( SNMs ) , or other 
types of mutations , identified . These SNMs would be varia 
tions that are not included in the known polymorphisms , and 
thus can be labeled as cancer - associated , and not part of the 
constitutional genome . A healthy person may have a certain 
number of SNMs due to random mutations among healthy 
cells , e . g . , created during cell division , but a person with 
cancer would have more . 
[ 0057 ] For example , for a person with cancer , the number 
of SNMs detectable in a bodily fluid would be higher than 
the polymorphisms present in the constitutional genome of 
the same person . A comparison can be made between the 
amounts of variations detected in a bodily fluid sample 
containing tumor - derived DNA and a DNA sample contain 
ing mostly constitutional DNA . In one embodiment , the 
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term ‘ mostly ' would mean more than 90 % . In another 
preferred embodiment , the term ‘ mostly ' would mean more 
than 95 , 97 % , 98 % , or 99 % . When the amount of variations 
in the bodily fluid exceeds that of the sample with mostly 
constitutional DNA , there is an increased likelihood that the 
bodily fluid might contain tumor - derived DNA . 
[ 0058 ] One method that could be used to randomly search 
for variations in DNA samples is random or shotgun 
sequencing ( e . g . , using massively parallel sequencing ) . Any 
massively parallel sequencing platform may be used , includ 
ing a sequencing - by - ligation platform ( e . g . the Life Tech 
nologies SOLID platform ) , the Ion Torrent / Ion Proton , semi 
conductor sequencing , Roche 454 , single molecular 
sequencing platforms ( e . g . Helicos , Pacific Biosciences and 
nanopore ) . Yet , it is known that sequencing errors can occur 
and may be misinterpreted as a variation in the constitutional 
DNA or as mutations derived from tumor DNA . Thus , to 
improve the specificity of our proposed approach , the prob 
ability of the sequencing error or other components of 
analytical errors can be accounted for , e . g . , by using an 
appropriate sequencing depth along with requiring at least a 
specified number ( e . g . , 2 or 3 ) of detected alleles at a locus 
for it to be counted as an SNM . 
[ 0059 ] As described herein , embodiments can provide 
evidence for the presence of tumor - derived DNA in a 
biological sample ( e . g . , a bodily fluid ) when the amount of 
randomly detected genetic variations present in the sample 
exceeds that expected for constitutional DNA and variations 
that may be inadvertently detected due to analytical errors 
( e . g . , sequencing errors ) . The information could be used for 
the screening , diagnosis , prognostication and monitoring of 
cancers . In the following sections , we describe analytical 
steps that can be used for the detection of single nucleotide 
mutations in plasma / serum or other samples ( e . g . , bodily 
fluids ) . Bodily fluids could include plasma , serum , cerebro 
spinal fluid , pleural fluid , ascitic fluid , nipple discharge , 
saliva , bronchoalveolar lavage fluid , sputum , tears , sweat 
and urine . In addition to bodily fluids , the technology can 
also be applied to stools sample , as the latter has been shown 
to contain tumor DNA from colorectal cancer ( Berger BM , 
Ahlquist D A . Pathology 2012 ; 44 : 80 - 88 ) . 

[ 0062 ] In various implementations , the analysis of the 
constitutional DNA could be performed using massively 
parallel sequencing , array - based hybridization , probe - based 
in - solution hybridization , ligation - based assays , primer 
extension reaction assays , and mass spectrometry . In one 
embodiment , the CG can be determined at one time point in 
a subject ’ s life , e . g . , at birth or even in the prenatal period 
( which could be done using fetal cells or via cell - free DNA 
fragment , see U . S . Publication 2011 / 0105353 ) , and then be 
referred to when bodily fluids or other samples are obtained 
at other times of the subject ' s life . Thus , the CG may simply 
be read from computer memory . The constitutional genome 
may be read out as a list of loci where the constitutional 
genome differs from a reference genome . 
[ 0063 ] In step 120 , one or more sequence tags are received 
for each of a plurality of DNA fragments in a biological 
sample of the subject , where the biological sample includes 
cell - free DNA . In one embodiment , the one or more 
sequence tags are generated from a random sequencing of 
DNA fragments in the biological sample . More than one 
sequence tag may be obtained when paired - end sequencing 
is performed . One tag would correspond to each end of the 
DNA fragment . 
[ 0064 ] The cell - free DNA in the sample ( e . g . , plasma , 
serum or other body fluid ) can be analyzed to search for 
genetic variations . The cell - free DNA can be analyzed using 
the same analytical platform as that has been used to analyze 
the constitutional DNA . Alternatively , a different analytical 
platform could be used . For example , the cell - free DNA 
sample can be sequenced using massively parallel sequenc 
ing or parts of the genome could be captured or enriched 
before massively parallel sequencing . If enrichment is used , 
one could , for example , use solution - phase or solid - phase 
capture of selected parts of the genome . Then , massively 
parallel sequencing can be carried out on the captured DNA . 
10065 ] In step 130 , genomic positions for the sequence 
tags are determined . In one embodiment , the sequence tags 
are aligned to a reference genome , which is obtained from 
one or more other subjects . In another embodiment , the 
genomic sequence tags are aligned to the constitutional 
genome of the tested subject . The alignment can be per 
formed using techniques known to one skilled in the art , e . g . , 
using Basic Local Alignment Search Tool ( BLAST ) . 
[ 0066 ] In step 140 , a first number of loci are determined 
where at least N sequence tags have a sequence variant 
relative to the constitutional genome ( CG ) . N is equal to or 
greater than two . As discussed in more detail below , 
sequencing errors as well as somatic mutations occurring 
randomly in cells ( e . g . , due to cell division ) can be removed 
by having N equal 2 , 3 , 4 , 5 , or higher . The loci that satisfy 
one or more specified criteria can be identified as a mutation 
( variant ) or mutation loci ( variant loci ) , whereas a locus 
having a variant but not satisfying the one or more criteria 
( e . g . , as just one variant sequence tag ) is referred to as a 
potential or putative mutation . The sequence variant could 
be for just one nucleotide or multiple nucleotides . 
[ 0067 N may be determined as percentage of total tags for 
a locus , as opposed to an absolute value . For example , a 
variant locus can be identified when the fractional concen 
tration of tumor DNA inferred from the variant reads is 
determined to be equal to or greater than 10 % ( or some other 
percentage ) . In other words , when the locus is covered by 
200 sequence reads , a criterion of at least 10 sequence reads 
showing the variant allele can be required to define the 

II . General Screening Method 
[ 0060 ] FIG . 1 is a flowchart of a method 100 for detecting 
cancer or premalignant change in a subject according to 
embodiments of the present invention . Embodiments can 
analyze cell - free DNA in a biological sample from the 
subject to detect variations in the cell - free DNA likely 
resulting from a tumor . The analysis can use a constitutional 
genome of the subject to account for polymorphisms that are 
part of healthy cells , and can account for sequencing errors . 
Method 100 and any of the methods described herein may be 
totally or partially performed with a computer system 
including one or more processors . 
[ 0061 ] In step 110 , a constitutional genome of the subject 
is obtained . The constitutional genome ( CG ) can be deter 
mined from the constitutional DNA of the tested subject . In 
various embodiments , the CG can be read from memory or 
actively determined , e . g . , by analyzing sequence reads of 
constitutional DNA , which may be in cells from the sample 
that includes the cell - free DNA . For example , when a 
non - hematological malignancy is suspected , blood cells can 
be analyzed to determine the constitutional DNA of the 
subject . 
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variant as a mutation . The 10 sequence reads of the variant 
allele and 190 reads of the wildtype allele would give an 
fractional concentration of tumor DNA of 10 % ( 2x10 / ( 10 + 
190 ) ) . 
[ 0068 ] In one embodiment , the sequence tags ( collectively 
referred to as the sample genome ) can be compared directly 
to the CG to determine the variants . In another embodiment , 
the sample genome ( SG ) is compared to the CG via a 
reference genome ( RG ) to determine the variants . For 
example , both the CG and SG can be compared to the RG 
to determine respective numbers ( e . g . , sets ) of loci exhibit 
ing variants , and then a difference can be taken to obtain the 
first number of loci . The first number can simply be obtained 
as a number or may correspond to a specific set of loci , 
which may then be analyzed further to determine a param 
eter from the sequence tags at the first loci . 
[ 0069 ] In one implementation , sequencing results of con 
stitutional DNA and plasma DNA are compared to deter 
mine if a single nucleotide mutation is present in the plasma 
DNA . The regions at which the constitutional DNA is 
homozygous can be analyzed . For illustration purposes , 
assume the genotype of a particular locus is homozygous in 
the constitutional DNA and is AA . Then in the plasma , the 
presence of an allele other than A would indicate the 
potential presence of a single nucleotide mutation ( SNM ) at 
the particular locus . The loci indicating the potential pres 
ence of an SNM can form the first number of loci in step 
140 . 
[ 0070 ] In one embodiment , it could be useful to target 
parts of the genome that are known to be particularly prone 
to mutation in a particular cancer type or in a particular 
subset of the population . Of relevance to the latter aspect , 
embodiments can look for types of mutations that are 
particularly prevalent in a specific population group , e . g . 
mutations that are especially common in subjects who are 
carriers of hepatitis B virus ( for liver cancer ) or human 
papillomavirus ( for cervical cancer ) or who have genetic 
predisposition to somatic mutations or subjects with germ 
line mutations in a DNA mismatch repair gene . The tech 
nology would also be useful to screen for mutations in 
ovarian and breast cancers in subjects with BRCA1 or 
BRCA2 mutations . The technology would similarly be use 
ful to screen for mutations in colorectal cancer in subjects 
with APC mutations . 
[ 0071 ] In step 150 , a parameter is determined based on a 
count of sequence tags having a sequence variant at the first 
loci . In one example , the parameter is the first number of loci 
where at least N DNA fragments have a sequence variant at 
a locus relative to the constitutional genome . Thus , the count 
can be used simply to ensure that a locus has more than N 
copies of a particular variant identified before being 
included in the first number . In another embodiment , the 
parameter can be or include the total number of sequence 
tags having a sequence variant relative to the constitutional 
genome at the first loci . 
[ 0072 ] In step 160 , the parameter for the subject is com 
pared to a threshold value ( e . g . , derived from one or more 
other subjects ) to determine a classification of a level of 
cancer in the subject . Examples of a level of cancer includes 
whether the subject has cancer or a premalignant condition , 
or an increased likelihood of developing cancer . In one 
embodiment , the threshold value may be determined from a 
previously obtained sample from the subject . 

[ 0073 ] In another embodiment , the one or more other 
subjects may be determined to not have cancer or a low risk 
of cancer . Thus , threshold value may be a normal value , a 
normal range , or indicate a statistically significant deviation 
from a normal value or range . For example , the number of 
mutations relative to the CG of a specific subject , detectable 
in the plasma of subjects without a cancer or with a low risk 
of cancer , can be used as the normal range to determine if the 
number of mutations detected in the tested subject is normal . 
In another embodiment , the other subjects could be known 
to have cancer , and thus a similar number of mutations can 
indicate cancer . 
[ 0074 ] In one implementation , the other subjects can be 
selected to have clinical characteristics that are matched to 
those of the test subject , e . g . sex , age , diet , smoking habit , 
drug history , prior disease , family history , genotypes of 
selected genomic loci , status for viral infections ( e . g . hepa 
titis B or C virus or human papillomavirus or human 
immunodeficiency virus or Epstein - Barr virus infection ) or 
infections with other infectious agents ( such as bacteria ( e . g . 
Helicobacter pylori ) and parasites ( e . g . Clonorchis sinen 
sis ) , etc . For example , subjects who are carriers of hepatitis 
B or C virus have an increased risk of developing hepato 
cellular carcinoma . Thus , test subjects who have a similar 
number or pattern of mutations as a carrier of hepatitis B or 
C can be considered to have an increased risk of developing 
hepatocellular carcinoma . On the other hand , a hepatitis B or 
C patient who exhibits more mutations than another hepatitis 
patient can properly be identified as having a higher classi 
fication of a level of cancer , since the proper baseline ( i . e . 
relative to another hepatitis patient ) is used . Similarly , 
subjects who are carriers of human papillomavirus infection 
have increased risk for cervical cancer , and head and neck 
cancer . Infection with the Epstein - Barr virus has been asso 
ciated with nasopharyngeal carcinoma , gastric cancer , 
Hodgkin ' s lymphoma and non - Hodgkin ' s lymphoma . Infec 
tion with Helicobacter pylori has been associated with 
gastric cancer . Infection with Clonorchis sinensis has been 
associated with cholangiocarcinoma . 
[ 0075 ] The monitoring of the changes of the number of 
mutations at different time points can be used for monitoring 
of the progress of the cancer and the treatment response . 
Such monitoring can also be used to document the progress 
of a premalignant condition or change in the risk that a 
subject would develop cancer . 
10076 ] The amount of sequence tags showing variations 
can also be used to monitor . For example , a fractional 
concentration of variant reads at a locus can be used . In one 
embodiment , an increase in the fractional concentrations of 
tumor - associated genetic aberrations in the samples during 
serial monitoring can signify the progression of the disease 
or imminent relapse . Similarly , a decrease in the fractional 
concentrations of tumor - associated genetic aberrations in the 
samples during serial monitoring can signify response to 
treatment and / or remission and / or good prognosis . 

III . Determining Genomes 
[ 0077 ] The various genomes discussed above are 
explained in more detail below . For example , the reference 
genome , constitutional genome , and the sample genome are 
discussed . 
[ 0078 ] A . Reference Genome 
[ 0079 ] The reference genome ( RG ) refers to a haploid or 
diploid genome of a subject or consensus of a population . 
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The reference genome is known and thus can be used to 
compare sequencing reads from new patients . The sequence 
reads from a sample of a patient can be aligned and 
compared to identify variations in the reads from the RG . 
For a haploid genome , there is only one nucleotide at each 
locus , and thus each locus can be considered hemizygous . 
For a diploid genome , heterozygous loci can be identified , 
with such a locus having two alleles , where either allele can 
allow a match for alignment to the locus . 
[ 0080 ] A reference genome can be the same among a 
population of subjects . This same reference genome can be 
used for healthy subjects to determine the appropriate 
threshold to be used for classifying the patient ( e . g . , having 
cancer or not ) . However , different reference genomes can be 
used for different populations , e . g . , for different ethnicities 
or even for different families . 
[ 0081 ] B . Constitutional Genome 
[ 0082 ] The constitutional genome ( CG ) for a subject ( e . g . , 
a human or other diploid organism ) refers to a diploid 
genome of the subject . The CG can specify heterozygous 
loci where a first allele is from a first haplotype and a 
different second allele is from a second haplotype . Note that 
the structures of two haplotypes that cover two heterozygous 
loci need not be known , i . e . , which allele on one heterozy 
gous locus is on the same haplotype as an allele of another 
heterozygous locus need not be known . Just the existence of 
the two alleles at each heterozygous locus can be sufficient . 
[ 0083 ] The CG can differ from the RG due to polymor 
phisms . For example , a locus on the RG can be homozygous 
for T , but the CG is heterozygous for T / A . Thus , the CG 
would exhibit a variation at this locus . The CG can also be 
different from the RG due to inherited mutations ( e . g . , that 
run in families ) or de novo mutations ( that occur in a fetus , 
but which are not present in its parents ) . The inherited 
mutation is typically called ' germline mutation ' . Some of 
such mutations are associated with predisposition to cancer , 
such as a BRCA1 mutation that runs in a family . Such 
mutations are different from ‘ somatic mutations that can 
occur due to cell division during one ' s lifetime and can push 
a cell and its progeny on the way to become a cancer . 
[ 0084 ] A goal of determining the CG is to remove such 
germline mutations and de novo mutations from the muta 
tions of the sample genome ( SG ) in order to identify the 
somatic mutations . The amount of somatic mutations in the 
SG can then be used to assess the likelihood of cancer in the 
subject . These somatic mutations can be further filtered to 
remove sequencing errors , and potentially to remove 
somatic mutations that occur rarely ( e . g . , only one read 
showing a variant ) , as such somatic mutations are not likely 
related to cancer . 
[ 0085 ] In one embodiment , a CG can be determined using 
cells ( buffy coat DNA ) . However , the CG can also be 
determined from cell - free DNA ( e . g . plasma or serum ) as 
well . For a sample type in which most of the cells are 
non - malignant , e . g . the buffy coat from a healthy subject , 
then the majority or consensus genome is the CG . For the 
CG , each genomic locus consists of the DNA sequence 
possessed by the majority of cells in the sampled tissue . The 
sequencing depth should be sufficient to elucidate heterozy 
gous sites within the constitutional genome . 
10086 ] . As another example , plasma can be used as the 
constitutional sample to determine the CG . For example , for 
cases in which the tumor DNA in plasma is less than 50 % 
and an SNM is in a heterozygous state , e . g . , the mutation is 

the addition of a new allele , then the new allele can have a 
concentration of less than 25 % . Whereas , the concentration 
of the heterozygous alleles of SNPs in the CG should 
amount to approximately 50 % . Thus , a distinction can be 
made between a somatic mutation and a polymorphism of 
the CG . In one implementation , a suitable cutoff can be 
between 30 - 40 % for determining a somatic mutation from a 
polymorphism when using plasma , or other mixtures with 
significant tumor concentration . A measurement of tumor 
DNA concentration can be useful to ensure that the tumor 
DNA in plasma is less than 50 % . Examples of determining 
a tumor DNA concentration are described herein . 
[ 0087 ] C . Sample Genome 
10088 ] The sample genome ( SG ) is not simply a haploid or 
diploid genome as is the case for the RG and CG . The SG 
is a collection of reads from the sample , and can include : 
reads from constitutional DNA that correspond to the CG , 
reads from tumor DNA , reads from healthy cells that show 
random mutations relative to the CG ( e . g . , due to mutations 
resulting from cell division ) , and sequencing errors . Various 
parameters can be used to control exactly which reads are 
included in the SG . For example , requiring an allele to show 
up in at least 5 reads can decrease the sequencing errors 
present in the SG , as well as decrease the reads due to 
random mutations . 
[ 0089 ] As an example , assume the subject is healthy , i . e . , 
does not have cancer . For illustration purposes , the DNA 
from 1000 cells is in 1 ml of plasma ( i . e . 1000 genome 
equivalents of DNA ) obtained from this subject . Plasma 
DNA typically consists of DNA fragments of about 150 bp . 
As the human genome is 3x100 bp , there would be about 
2x10 ' DNA fragments per haploid genome . As the human 
genome is diploid , there would be about 4x10 ' DNA frag 
ments per ml of plasma . 
[ 0090 ] As millions to billions of cells are releasing their 
DNA in the plasma per unit time and fragments from these 
cells would mix together during circulation , the 4x10 ' DNA 
fragments could have come from 4x10 ' different cells . If 
these cells do not bear a recent ( as opposed to distant , e . g . , 
the original zygote ) clonal relationship to each other ( i . e . 
that they do not share a recent ancestral cell ) , then it is 
statistically likely that no mutation will be seen more than 
once amongst these fragments . 
[ 0091 ] On the other hand , if amongst the 1000 genome 
equivalents per ml of plasma DNA , there is a certain 
percentage of cells that share a recent ancestral cell ( i . e . , 
they are related to each other clonally ) , then one could see 
the mutations from this clone to be preferentially repre 
sented in the plasma DNA ( e . g . exhibiting a clonal muta 
tional profile in plasma ) . Such clonally related cells could be 
cancer cells , or cells that are on their way to become a cancer 
but not yet there ( i . e . pre - neoplastic ) . Thus , requiring a 
mutation to show up more than once can remove this natural 
variance in the “ mutations ” identified in the sample , which 
can leave more mutations related to cancer cells or pre 
neoplastic cells , thereby allowing detection , especially early 
detection of cancer or precancerous conditions . 
[ 0092 ] In one approximation , it has been stated that on 
average , one mutation will be accumulated in the genome 
following every cell division . Previous work has shown that 
most of the plasma DNA is from hematopoietic cells ( Lui Y 
Y et al . Clin Chem 2002 : 48 : 421 - 427 ) . It has been estimated 
that hematopoietic stem cells replicate once every 25 - 50 
weeks ( Catlin S N , et al . Blood 2011 ; 117 : 4460 - 4466 ) . 
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Thus , as a simplistic approximation , a healthy 40 - year - old 
subject would have accumulated some 40 to 80 mutations 
per hematopoietic stem cell . 
[ 0093 ] If there are 1000 genome - equivalents per ml in this 
person ' s plasma , and if each of these cells is derived from 
a different hematopoietic stem cell , then 40 , 000 to 80 , 000 
mutations might be expected amongst the 4x1010 DNA 
fragments ( i . e . 4x10 ' DNA fragments per genome , and 1000 
genome - equivalents per ml of plasma ) . However , as each 
mutation would be seen once , each mutation can still be 
below a detection limit ( e . g . , if cutoff value N is greater than 
1 ) , and thus these mutations can be filtered out , thereby 
allowing the analysis to focus on mutations that are more 
likely to result from cancerous conditions . The cutoff value 
can be any value ( integer or non - integer ) greater than one , 
and may be dynamic for different loci and regions . The 
sequencing depth and fractional concentration of tumor 
DNA can also affect the sensitivity of detecting mutations 
( e . g . , percentage of mutations detectable ) from cancer cells 
or pre - neoplastic cells . 

IV . Comparing SG Directly to CG 
[ 0094 ] Some embodiments can identify nucleotide posi 
tions that the CG is homozygous , but where a minority 
species ( i . e . the tumor DNA ) in the SG is heterozygous . 
When sequencing a position in high depth ( e . g . , over 50 - fold 
coverage ) , one can detect if there are one or two alleles at 
that position in the DNA mixture of healthy and cancer cells . 
When there are two alleles detected , either ( 1 ) the CG is 
heterozygous or ( 2 ) the CG is homozygous but the SG is 
heterozygous . These two scenarios can be differentiated by 
looking at the relative counts of the major and the minor 
alleles . In the former scenario , the two alleles would have 
similar numbers of counts ; but for the latter scenario , there 
would be a large difference in their numbers of counts . This 
comparison of the relative allele counts of the reads from the 
test sample is one embodiment for comparing sequence tags 
to the constitutional genome . The first loci of method 100 
can be determined as loci where the number of alleles is 
below an upper threshold ( threshold corresponding to a 
polymorphism in the CG ) and above a lower threshold 
( threshold corresponding to errors and somatic mutations 
occurring at a sufficiently low rate to not be associated with 
a cancerous condition ) . Thus , the constitutional genome and 
the first loci can be determined at the same time . 
[ 0095 ] In another embodiment , a process for identifying 
mutations can determine the CG first , and then determine 
loci having a sufficient number of mutations relative to the 
CG . The CG can be determined from a constitutional sample 
that is different from the test sample . 
10096 FIG . 2 shows a flowchart of a method 200 com 
paring the sample genome ( SG ) directly to the constitutional 
genome ( CG ) according to embodiments of the present 
invention . At block 210 , a constitutional genome of the 
subject is obtained . The constitutional genome can be 
obtained , for example , from a sample taken previously in 
time or a constitutional sample that is obtained and analyzed 
just before method 200 is implemented . 
[ 0097 ] At block 220 , one or more sequence tags are 
received for each of a plurality of DNA fragments in a 
biological sample of the subject . The sequencing may be 
performed using various techniques , as mentioned herein . 
The sequence tags are a measurement of what the sequence 

of a fragment is believed to be . But , one or more bases of a 
sequence tag may be in error . 
10098 ) At block 230 , at least a portion of the sequence tags 
are aligned to the constitutional genome . The alignment can 
account for the CG being heterozygous at various loci . The 
alignment would not require an exact match so that variants 
could be detected . 
100991 . At block 240 , sequence tags that have a sequence 
variant at a locus relative to the constitutional genome are 
identified . It is possible that a sequence tag could have more 
than one variant . The variants for each locus and for each 
sequence tag can be tracked . A variant could be any allele 
that is not in the CG . For example , the CG could be 
heterozygous for A / T and the variant could be G or C . 
[ 0100 ] At block 250 , for each locus with a variant , a 
computer system can count a respective first number of 
sequence tags that align to the locus and have a sequence 
variant at the locus . Thus , each locus can have an associated 
count of the number of variants seen at the locus . Typically , 
fewer variants will be seen at a locus compared to sequence 
tags that correspond to the CG , e . g . , due to the tumor DNA 
concentration being less than 50 % . However , some samples 
may have a concentration of tumor DNA that is greater than 
50 % . 
[ 0101 ] At block 260 , a parameter is determined based on 
the respective first numbers . In one embodiment , if a respec 
tive number is greater than a cutoff value ( e . g . , greater than 
two ) , then the respective number can be added to a sum , 
which is the parameter or is used to determine the parameter . 
In another embodiment , the number of loci having a respec 
tive number greater than the cutoff value is used as the 
parameter . 
10102 ] . At block 270 , the parameter is compared to a 
threshold value to classify a level of cancer . As described 
above , the threshold value may be determined from the 
analysis of samples from other subjects . Depending on the 
healthy or cancer state of these other subjects , the classifi 
cation can be determined . For example , if the other subjects 
had stage 4 cancer , then if the current parameter was close 
( e . g . , within a specific range ) to the value of the parameter 
obtained from the other subjects , then the current subject 
might be classified as having stage 4 cancer . However , if the 
parameter is exceeds the threshold ( i . e . , greater than or less , 
depending on how the parameter is defined ) , then the 
classification can be identified as being less than stage 4 . A 
similar analysis can be made when the other subjects do not 
have cancer . 
[ 0103 ] Multiple thresholds may be used to determine the 
classification , where each threshold is determined from a 
different set of subjects . Each set of subjects may have a 
common level of cancer . Thus , the current parameter may be 
compared to the values for each set of subjects , which can 
provide a match to one of the sets or provide a range . For 
example , the parameter might be about equal to the param 
eter obtained for subjects that are precancerous or at stage 2 . 
As another example , the current parameter can fall in a range 
that can possibly match to several different levels of cancer . 
Thus , the classification can include more than one level of 
cancer . 

V . Using Reference Genome 
[ 0104 ] The genomic sequences of both the constitutional 
DNA and the DNA from the biological sample can be 
compared to the human reference genome . When there are 



US 2018 / 0202003 A1 Jul . 19 , 2018 

more changes in the plasma sample than the constitutional 
DNA as compared with the reference genome , then there is 
a higher probability for cancer . In one embodiment , the 
homozygous loci in the reference genome are studied . The 
amounts of heterozygous loci in both the constitutional 
DNA and DNA from the biological sample are compared . 
When the amount of heterozygous sites detected from the 
DNA of the biological sample exceeds that of the constitu 
tional DNA , there is a higher probability of cancer . 
[ 0105 ] The analysis could also be limited to loci that are 
homozygous in the CG . SNMs can be defined for heterozy 
gous loci as well , but this would generally require the 
generation of a third variant . In other words , if the heterozy 
gous locus is A / T , a new variant would be either C or G . 
Identifying SNMs for homozygous loci is generally easier . 
[ 0106 ] The degree to which an increase in the amount of 
heterozygous loci in the biological sample DNA relative to 
the constitutional DNA can be suggestive of cancer or a 
premalignant state when compared to the rate of change seen 
in healthy subjects . For example , if the degree of increase in 
such sites exceeds that observed in healthy subjects by a 
certain threshold , one can consider the data to be suggestive 
of cancer or a premalignant state . In one embodiment , the 
distribution of mutations in subjects without cancer is ascer 
tained and a threshold can be taken as a certain number of 
standard deviations ( e . g . , 2 or 3 standard deviations ) . 
[ 0107 ] One embodiment can require at least a specified 
number of variants at a locus before that locus is counted . 
Another embodiment provides a test even for the data based 
on seeing a change once . For example , when the total 
number of variations ( errors + genuine mutations or polymor 
phisms ) seen in plasma is statistically significantly higher 
than that in the constitutional DNA , then there is evidence 
for cancer . 
[ 0108 ] FIG . 3 shows a flowchart of a method 300 com 
paring the sample genome ( SG ) to the constitutional genome 
( CG ) using the reference genome ( RG ) according to 
embodiments of the present invention . Method 300 assumes 
that the RG is already obtained , and that the sequence tags 
for the biological sample have already been received . 
[ 0109 ] At block 310 , at least a portion of the sequence tags 
are aligned to the reference genome . The alignment can 
allow mismatches as variations are being detected . The 
reference genome can be from a similar population as the 
subject . The aligned sequence tags effectively comprise the 
sample genome ( SG ) 
[ 0110 ] At block 320 , a first number ( A ) of potential 
variants , e . g . , single nucleotide mutations ( SNMs ) , are iden 
tified . The potential SNMs are loci where a sequence tag of 
the SG shows a nucleotide that is different from the RG . 
Other criteria may be used , e . g . , the number of sequence tags 
showing a variation must be greater than a cutoff value and 
whether a locus is homozygous in the RG . The set of 
potential SNMs may be represented as set A when specific 
loci are identified and tracked by storing the loci in memory . 
The specific loci may be determined or simply a number of 
such SNMs can be determined . 
[ 0111 ] At block 330 , a constitutional genome is deter 
mined by aligning sequence tags obtained by sequencing 
DNA fragments from a constitutional sample to a reference 
genome . This step could have been performed at any time 
previously and using a constitutional sample obtained at any 
time previously . The CG could simply be read from memory , 

where the aligning was previously done . In one embodi 
ment , the constitutional sample could be blood cells . 
[ 0112 ] At block 340 , a second number ( B ) of loci where an 
aligned sequence tag of the CG has a variant ( e . g . , an SNM ) 
at a locus relative to the reference genome are identified . If 
a set of loci is specifically tracked , then B can represent the 
set , as opposed to just a number . 
[ 0113 ] At block 350 , set B is subtracted from set A to 
identify variants ( SNMs ) that are present in the sample 
genome but not in CG . In one embodiment , the set of SNMS 
can be limited to nucleotide positions that the CG is 
homozygous . To achieve this filtering , specific loci where 
the CG is homozygous can be identified in set C . In another 
embodiment , a locus is not counted in the first number A or 
the second number B , if the CG is not homozygous at the 
locus . In another embodiment , any known polymorphism 
( e . g . by virtue of its presence in a SNP database ) can be 
filtered out . 
[ 0114 ] In one embodiment , the subtraction in block 350 
can simply be a subtraction of numbers , and thus specific 
potential SNMs are not removed , but simply a value is 
subtracted . In another embodiment , the subtraction takes a 
difference between set A and set B ( e . g . , where set B is a 
subset of set A ) to identify the specific SNMs that are not in 
set B . In logical values , this can be expressed as [ A AND 
NOT ( B ) ] . The resulting set of identified variants can be 
labeled C . The parameter can be determined as the number 
C or determined from the set C . 
[ 0115 ] In some embodiments , the nature of the mutations 
can be taken into consideration and different weighting 
attributed to different classes of mutations . For example , 
mutations that are commonly associated with cancer can be 
attributed a higher weighting ( also called an importance 
value when referring to relative weightings of loci ) . Such 
mutations can be found in databases of tumor - associated 
mutations , e . g . , the Catalogue of Somatic Mutations in 
Cancer ( COSMIC ) ( www . sanger . ac . uk / genetics / CGP / cos 
mic / ) . As another example , mutations associated with non 
synonymous changes can be attributed a higher weighting . 
[ 0116 ] Thus , the first number A could be determined as a 
weighted sum , where the count of tags showing a variant at 
one locus may have a different weighting than the count of 
tags at another locus . The first number A can reflect this 
weighted sum . A similar calculation can be performed B , 
and thus the number C and the parameter can reflect this 
weighting . In another embodiment , the weightings are 
accounted for when a set Cof specific loci is determined . For 
example , a weighted sum can be determined for the counts 
for the loci of set C . Such weights can be used for other 
methods described herein . 
[ 0117 ] Accordingly , the parameter that is compared to a 
threshold to determine the classification of a level of cancer 
can be the number of loci exhibiting a variation for the SG 
and the CG relative to the RG . In other embodiments , the 
total number of DNA fragments ( as counted via the 
sequence tags ) showing a variation can be counted . In other 
embodiments , such numbers can be used in another formula 
to obtain the parameter . 
[ 0118 ] In one embodiment , the concentration of the vari 
ant at each locus can be a parameter and compared with a 
threshold . This threshold can be used to determine if a locus 
is a potential variant locus in addition to the cutoff of a 
specific number of reads showing the variant ) , and then have 
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the locus be counted . The concentration could also be used 
as a weighting factor in a sum of the SNMs . 

VI . Decreasing False Positives Using Cutoff Values 
0119 ] . As mentioned above , the single nucleotide muta 

tions can be surveyed in a large number of cell - free DNA 
fragments ( e . g . circulating DNA in plasma ) for a large 
genomic region ( e . g . the entire genome ) or a number of 
genomic regions to improve the sensitivity of the approach . 
However , analytical errors such as sequencing errors can 
affect the feasibility , accuracy and specificity of this 
approach . Here , we use the massively parallel sequencing 
platform as an example to illustrate the importance of 
sequencing errors . The sequencing error rate of the Illumina 
sequencing - by - synthesis platform is approximately 0 . 1 % to 
0 . 3 % per sequenced nucleotide ( Minoche et al . Genome Biol 
2011 , 12 : R112 ) . Any massively parallel sequencing plat 
form may be used , including a sequencing - by - ligation plat 
form ( e . g . the Life Technologies SOLID platform ) , the Ion 
Torrent / Ion Proton , semiconductor sequencing , Roche 454 , 
single molecular sequencing platforms ( e . g . Helicos , Pacific 
Biosciences and nanopore ) . 
10120 ] In a previous study on hepatocellular carcinoma , it 
was shown that there are approximately 3 , 000 single nucleo 
tide mutations for the whole cancer genome ( Tao Y et al . 
2011 Proc Natl Acad Sci USA ; 108 : 12042 - 12047 ) . Assum 
ing that only 10 % of the total DNA in the circulation is 
derived from the tumor cells and we sequence the plasma 
DNA with an average sequencing depth of one fold haploid 
genome coverage , we would encounter 9 million ( 3x10°x 
0 . 3 % ) single nucleotide variations ( SNVs ) due to sequenc 
ing errors . However , most of the single nucleotide mutations 
are expected to occur on only one of the two homologous 
chromosomes . With a sequencing depth of one - fold haploid 
genome coverage of a sample with 100 % tumor DNA , we 
expect to detect only half of the 3 , 000 mutations , i . e . 1 , 500 
mutations . When we sequence the plasma sample containing 
10 % tumor - derived DNA to one haploid genome coverage , 
we expect to detect only 150 ( 1 , 500x10 % ) cancer - associated 
single nucleotide mutations . Thus , the signal - to - noise ratio 
for the detection of cancer - associated mutations is 1 in 
60 , 000 . This very low signal - to - noise ratio suggests that the 
accuracy of using this approach for differentiating normal 
and cancer cases would be very low if we simply use all the 
single nucleotide changes in the biological sample ( e . g . , 
plasma ) as a parameter . 
[ 0121 ] It is expected that with the progress in sequencing 
technologies , there would be continual reduction in the 
sequencing error rate . One can also analyze the same sample 
using more than one sequencing platform and through a 
comparison of the cross - platform sequencing results , pin 
point the reads likely to be affected by sequencing errors . 
Another approach is to analyze two samples taken at dif 
ferent times from the same subject . However , such 
approaches are time consuming . 
[ 0122 ] In one embodiment , one way to enhance the signal 
to - noise ratio in the detection of single nucleotide mutations 
in the plasma of cancer patients is to count a mutation only 
if there are multiple occurrences of the same mutation in the 
sample . In selected sequencing platforms , the sequencing 
errors involving particular nucleotide substitutions might be 
more common and would affect the sequencing results of the 
test sample and the constitutional DNA sample of both the 

test subject and the control subjects . However , in general , 
sequencing errors occur randomly . 
[ 0123 ] The chance of having a sequencing error is expo 
nentially lower when one observes the same change at the 
same nucleotide position in multiple DNA fragments . On the 
other hand , the chance of detecting a genuine cancer 
associated mutational change in the sample is affected by the 
sequencing depth and the fractional concentration of the 
tumoral DNA in the sample . The chance of observing the 
mutation in multiple DNA fragments would increase with 
the sequencing depth and fractional concentration of tumoral 
DNA . In various embodiments using samples with cell - free 
tumoral DNA ( such as in plasma ) , the fractional concentra 
tion can be 5 % , 10 % , 20 % , and 30 % . In one embodiment , 
the fractional concentration is less than 50 % . 
[ 0124 ] FIG . 4 is a table 400 showing the number of 
cancer - associated single nucleotide mutations correctly 
identified using different number of occurrences as the 
criterion for classifying a mutation as being present in the 
sample according to embodiments of the present invention . 
The numbers of nucleotide positions that are falsely identi 
fied as having mutation because of sequencing error based 
on the same classification criteria are also shown . The 
sequencing error rate is assumed to be 0 . 1 % ( Minoche et al . 
Genome Bio 2011 , 12 : R112 ) . The fractional concentration 
of tumor - derived DNA in the sample is assumed to be 10 % . 
10125 ] FIG . 4 shows that the ratio between the number of 
cancer - associated mutations detected in the plasma and the 
number of false - positive calls would increase exponentially 
with the increasing number of times the same change is seen 
in the sample for defining a mutation , when the fractional 
concentration of tumor - derived DNA in the sample is 
assumed to be 10 % . In other words , both the sensitivity and 
specificity for cancer mutation detection would improve . In 
addition , the sensitivity for detecting the cancer - associated 
mutations is affected by the sequencing depth . With 100 - fold 
haploid genome coverage of sequencing , 2 , 205 ( 73 . 5 % ) of 
the 3 , 000 mutations can be detected even using the criterion 
of the occurrence of the particular mutation in at least 4 
DNA fragments in the sample . Other values for the mini 
mum number of fragments may be used , such as 3 , 5 , 8 , 10 , 
and greater than 10 . 
[ 0126 ] FIG . 5 is a table 500 showing the expected number 
of false - positive loci and the expected number of mutations 
identified when the fractional concentration of tumor - de 
rived DNA in the sample is assumed to be 5 % . With a lower 
fractional concentration of tumor - derived DNA in the 
sample , a higher sequencing depth would be required to 
achieve the same sensitivity of detecting the cancer - associ 
ated mutations . A more stringent criterion would also be 
required to maintain the specificity . For example , the crite 
rion of the occurrence of the particular mutation in at least 
5 DNA fragments , instead of the criterion of at least 4 
occurrences in the situation of 10 % tumor DNA fraction , in 
the sample would need to be used . Tables 400 and 500 
provide guidance for the cutoff value to use given the fold 
coverage and a tumor DNA concentration , which can be 
assumed or measured as described herein . 
[ 0127 ] Another advantage of using the criteria of detecting 
a single nucleotide change more than one time to define a 
mutation is that this is expected to minimize false positives 
detection because of single nucleotide changes in non 
malignant tissues . As nucleotide changes can occur during 
mitosis of normal cells , each healthy cell in the body can 
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mosomes , with a sequencing depth of D , the expected 
number of times a mutation is present in the plasma ( MP ) is 
calculated as : Mp = Dxf / 2 . 
[ 0133 ] The probability of detecting the mutation in the 
plasma ( Pb ) at a particular mutation site is calculated as : 

1 - Poisson ( i , Mp ) 
i = 0 

harbor a number of single nucleotide changes . These 
changes may potentially lead to false positive results . How 
ever , the changes of a cell would be present in the plasma ) 
serum when the cell dies . While different normal cells are 
expected to carry different sets of mutations , the mutations 
occurring in one cell are unlikely to be present in numerous 
copies in the plasma / serum . This is in contrast to mutations 
within tumor cells where multiple copies are expected to be 
seen in plasma / serum because tumor growth is clonal in 
nature . Thus , multiple cells from a clone would die and 
release the signature mutations representative of the clones . 
[ 0128 ] In one embodiment , target enrichment for specific 
genomic regions can be performed before sequencing . This 
target enrichment step can increase the sequencing depth of 
the regions of interest with the same total amount of 
sequencing performed . In yet another embodiment , a round 
of sequencing with relatively low sequencing depth can first 
be performed . Then regions showing at least one single 
nucleotide change can be enriched for a second round of 
sequencing which has higher fold coverage . Then , the cri 
terion of multiple occurrences can be applied to define a 
mutation for the sequencing results with target enrichment . 

VII . Dynamic Cutoffs 
ho 

P [ 0129 ] As described above , a cutoff value N for the 
number of reads supporting a variant ( potential mutation ) 
can be used to determine whether a locus qualifies as a 
mutation ( e . g . , an SNM ) to be counted . Using such a cutoff 
can reduce false positives . The discussion below provides 
methods for selecting a cutoff for different loci . In the 
following embodiments , we assume that there is a single 
predominant cancer clone . Similar analysis can be carried 
out for scenarios involving multiple clones of cancer cells 
releasing different amounts of tumor DNA into the plasma . 
[ 0130 ] A . Number of Cancer - Associated Mutations 
Detected in Plasma 
0131 ] The number of cancer - associated mutations detect 

able in plasma can be affected by a number of parameters , 
for example : ( 1 ) The number of mutations in the tumor 
tissue ( N ) - the total number of mutations present in the 
tumor tissue is the maximum number of tumor - associated 
mutations detectable in the plasma of the patient ; ( 2 ) The 
fractional concentration of tumor - derived DNA in the 
plasma ( f ) the higher the fractional concentration of 
tumor - derived DNA in the plasma , the higher the chance of 
detecting the tumor - associated mutations in the plasma 
would be ; ( 3 ) Sequencing depth ( D ) Sequencing depth 
refers to the number of times the sequenced region is 
covered by the sequence reads . For example , an average 
sequencing depth of 10 - fold means that each nucleotide 
within the sequenced region is covered on average by 10 
sequence reads . The chance of detecting a cancer - associated 
mutation would increase when the sequencing depth is 
increased ; and ( 4 ) The minimum number of times a nucleo 
tide change that is detected in the plasma so as to define it 
as a potential cancer - associated mutation ( r ) , which is a 
cutoff value used to discriminate sequencing errors from real 
cancer - associated mutations . 
[ 0132 ] In one implementation , the Poisson distribution is 
used to predict the number of cancer - associated mutations 
detected in plasma . Assuming that a mutation is present in 
a nucleotide position on one of the two homologous chro 

where r ( cutoff value ) is the number of times that a nucleo 
tide change is seen in the plasma so as to define it as a 
potential tumor - associated mutation ; Poisson ( i , Mp ) is the 
Poisson distribution probability of having i occurrences with 
an average number of Mp . 
[ 0134 ] The total number of cancer - associated mutations 
expected to be detected in the plasma ( NP ) can be calculated 
as : Np = NxPb , where Ny is the number of mutations present 
in the tumor tissue . The following graphs show the percent 
ages of tumor - associated mutations expected to be detected 
in the plasma using different criteria of occurrences ( r ) for 
calling a potential mutation and different sequencing depths . 
[ 0135 ] FIG . 6A is a graph 600 showing the detection rate 
of cancer - associated mutations in plasma with 10 % and 20 % 
plasma fractional concentrations of tumor - derived DNA and 
using four and six occurrences ( r ) as criteria for calling 
potential cancer - associated mutations . With the same r , a 
higher fractional concentration of tumor - derived DNA in 
plasma would result in a higher number of cancer - associated 
mutations detectable in the plasma . With the same fractional 
concentration of tumor - derived DNA in plasma , a higher r 
would result in a smaller number of detected mutations . 
[ 0136 ] B . Number of False - Positive Single Detected Due 
to Errors 
[ 0137 ] Single nucleotide changes in the plasma DNA 
sequencing data can occur due to sequencing and alignment 
errors . The number of nucleotide positions with false - posi 
tive single nucleotide changes can be predicted mathemati 
cally based on a binomial distribution . The parameters 
affecting the number of false - positive sites ( NEP ) can 
include : ( 1 ) Sequencing error rate ( E ) - Sequencing error 
rate is defined as the proportion of sequenced nucleotide 
being incorrect ; ( 2 ) Sequencing depth ( D ) - With a higher 
sequencing depth , the number of nucleotide positions show 
ing a sequencing error would increase ; ( 3 ) The minimum 
number of occurrences of the same nucleotide change for 
defining a potential cancer - associated mutation ( r ) ; and ( 4 ) 
The total number of nucleotide positions within the region 
of - interest ( N ; ) . 
[ 0138 ] The occurrence of mutations can generally be 
regarded as a random process . Therefore , with the increase 
of the criteria of occurrence for defining a potential muta 
tion , the number of false - positive nucleotide positions would 
exponentially decrease with r . In some of the existing 
sequencing platforms , certain sequence contexts are more 
prone to having sequencing errors . Examples of such 
sequencing contexts include the GGC motif , homopolymers 
( e . g . AAAAAAA ) , and simple repeats ( e . g . ATATATATAT ) . 
These sequence contexts will substantially increase the 
single nucleotide change or insertion / deletion artifacts ( Na 
kamura K et al . Nucleic Acids Res 2011 ; 39 , e90 and 
Minoche A E et al . Genome Biol 2011 ; 12 , R112 ) . In 
addition , repeat sequences , such as homopolymers and 
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simple repeats , would computationally introduce ambigui - 
ties in alignment and , hence , lead to false - positive results for 
single nucleotide variations . 
[ 0139 ] The larger the region - of - interest , the higher the 
number of false - positive nucleotide positions would be 
observed . If one is looking for mutations in the whole 
genome , then the region - of - interest would be the whole 
genome and the number of nucleotides involved would be 3 
billion . On the other hand , if one focuses on the exons , then 
the number of nucleotides encoding the exons , i . e . approxi 
mately 45 million , would constitute the region - of - interest . 
[ 0140 ] The number of false - positive nucleotide positions 
associated with sequencing errors can be determined based 
on the following calculations . The probability ( Per ) of 
having the same nucleotide change at the same position due 
to sequencing errors can be calculated as : 

Per = C ( D , PJECE 
where C ( D , r ) is the number of possible combinations for 
choosing r elements from a total of D elements ; r is the 
number of occurrences for defining a potential mutation ; D 
is the sequencing depth ; and E is the sequencing error rate . 
C ( D , r ) can be calculated as : 

D ! 

C ( D , r ) = r ! ( D – r ) ! 

associated mutations in the tumor tissue is assumed to be 
3 , 000 and the fractional concentration of tumor - derived 
DNA in the plasma is assumed to be 10 % . The sequencing 
error rate is assumed to be 0 . 3 % . In the legend , TP denotes 
the true - positive sites at which a corresponding mutation is 
present in the tumor tissue , and FP denotes false - positive 
sites at which no corresponding mutation is present in the 
tumor tissue and the nucleotide changes present in the 
sequencing data are due to sequencing errors . 
[ 0146 ] From graph 700 , at a sequencing depth of 110 - fold , 
approximately 1 , 410 true cancer - associated mutations 
would be detected if we use the minimum occurrence of 6 
as the criterion ( r = 6 ) to define a potential mutation site in the 
plasma . Using this criterion , only approximately 20 false 
positive sites would be detected . If we use the minimum of 
7 occurrences ( r = 7 ) as the criterion to define a potential 
mutation , the number of cancer - associated mutations that 
could be detected would be reduced by 470 to approximately 
940 . Therefore , the criterion of r = 6 would make the detec 
tion of cancer - associated mutations in plasma more sensi 
tive . 
[ 0147 ] On the other hand , at a sequencing depth of 200 
fold , the number of true cancer - associated mutations 
detected would be approximately 2 , 800 and 2 , 600 , if we use 
the criteria of minimum occurrence ( r ) of 6 and 7 , respec 
tively , to define potential mutations . Using these two values 
of r , the numbers of false - positive sites would be approxi 
mately 740 and 20 , respectively . Therefore , at a sequencing 
depth of 200 - fold , the use of a more stringent criterion of r = 7 
for defining a potential mutation can greatly reduce the 
number of false - positive sites without significantly 
adversely affecting the sensitivity for detecting the true 
cancer - associated mutations . 

[ 0148 ] D . Dynamic Cutoff for Sequencing Data for Defin 
ing Potential Mutations in Plasma 
[ 0149 ] The sequencing depth of each nucleotide within the 
region - of - interest would be different . If we apply a fixed 
cutoff value for the occurrence of a nucleotide change to 
define a potential mutation in plasma , the nucleotides that 
are covered by more sequence reads ( i . e . a higher sequenc 
ing depth ) would have higher probabilities of being falsely 
labeled as having nucleotide variation in the absence of such 
a change in the tumor tissue due to sequencing errors 
compared with nucleotides that have lower sequencing 
depths . One embodiment to overcome this problem is to 
apply a dynamic cutoff value of r to different nucleotide 
positions according to the actual sequencing depth of the 
particular nucleotide position and according to the desired 
upper limit of the probability for calling false - positive 
variations . 

[ 0150 ] In one embodiment , the maximum allowable false 
positive rate can be fixed at 1 in 1 . 5x108 nucleotide posi 
tions . With this maximum allowable false - positive rate , the 
total number of false - positive sites being identified in the 
whole genome would be less than 20 . The value of r for 
different sequencing depths can be determined according to 
the curves shown in FIG . 6B and these cutoffs are shown in 
Table 1 . In other embodiments , other different maximum 
allowable false - positive rates , e . g . 1 in 3x10® , 1 in 108 or 1 
in 6x10 ' , can be used . The corresponding total number of 
false - positive sites would be less than 10 , 30 and 50 , 
respectively . 

[ 0141 ] The number of nucleotide positions ( NFP ) being 
false - positives for mutations can be calculated as : 

Nep = N , PER 
where N , is the total number of nucleotide positions in the 
region - of - interest . 
[ 0142 ] FIG . 6B is a graph 650 showing the expected 
number of nucleotide positions falsely classified as having a 
nucleotide change using criteria of occurrence ( r ) of 4 , 5 , 6 
and 7 vs . sequencing depth . The region - of - interest is 
assumed to be the whole genome ( 3 billion nucleotide 
positions ) in this calculation . The sequencing error rate is 
assumed to be 0 . 3 % of the sequenced nucleotides . As one 
can see , the value of r has a significant impact on the false 
positives . But , as can be seen from FIG . 6A , a higher value 
of r also reduces the number of mutations detected , at least 
until significantly higher sequencing depths are used . 
[ 0143 ] C . Choosing Minimum Occurrence ( r ) 
10144 ] As discussed above , the number of true cancer 
associated mutation sites and false - positive sites due to 
sequencing errors would increase with sequencing depth . 
However , their rates of increase would be different . There 
fore , it is possible to make use of the choice of sequencing 
depth and the value of r to maximize the detection of true 
cancer - associated mutations while keeping the number of 
false - positive sites at a low value . 
[ 0145 ] FIG . 7A is a graph 700 showing the number of true 
cancer - associated mutation sites and false - positive sites with 
difference sequencing depths . The total number of cancer 
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TABLE 1 
The minimum number of occurrences of a nucleotide change present in 
plasma to define a potential mutation ( r ) for different sequencing depths 
of the particular nucleotide position . The maximum false - positive rate is 

fixed at 1 in 1 . 5 x 108 nucleotides . 

Sequencing 
depth of a 
particular 

nucleotide position 

Minimum number of occurrence of a 
nucleotide change to be present in the 
plasma DNA sequencing data to define 

a potential mutation ( r ) 
< 50 

50 - 110 
111 - 200 
201 - 310 
311 - 450 
451 - 620 
621 - 800 

number of nucleotides in the region - of - interest can signifi 
cantly reduce the number of false - positives in plasma muta 
tional analysis . 
[ 0156 ] In exon - capture or even exome - capture sequenc 
ing , the number of nucleotides in the search space is 
reduced . Therefore , even if we allow a higher false - positive 
rate for the detection of cancer - associated mutations , the 
absolute number of false - positive sites can be kept as a 
relatively low level . The allowance of higher false - positive 
rate would allow a less stringent criterion of minimum 
occurrences ( r ) for defining a single nucleotide variation in 
plasma to be used . This would result in a higher sensitivity 
for the detection of true cancer - associated mutations . 
[ 0157 ] In one embodiment , we can use a maximum allow 
able false - positive rate of 1 . 5x109 . With this false - positive 
rate , the total number of false - positive sites within the 
targeted exons would only be 20 . The values of r for different 
sequencing depths using a maximum allowable false - posi 
tive rate of 1 . 5x106 are shown in Table 2 . In other embodi 
ments , other different maximum allowable false - positive 
rates , e . g . 1 in 3x10° , 1 in 10° or 1 in 6x10° , can be used . 
The corresponding total number of false - positive sites would 
be less than 10 , 30 and 50 , respectively . In one embodiment , 
different classes of mutations can be attributed different 
weightings , as described above . 

TABLE 2 

The minimum number of occurrence of a nucleotide change present in 
plasma to define a potential mutation ( r ) for different sequencing depths 
of the particular nucleotide position . The maximum false - positive rate is 

fixed at 1 in 1 . 5 x 106 nucleotides . 

Minimum number of occurrence of 
a nucleotide change to be present 
in the plasma DNA sequencing 

data to define a potential mutation 
( r ) 

Sequencing depth of a particular 
nucleotide position 

[ 0151 ] E . Target - Enrichment Sequencing 
[ 0152 ] As shown in FIG . 7A , a higher sequencing depth 
can result in a better sensitivity for detecting cancer - asso 
ciated mutations while keeping the number false - positive 
sites low by allowing the use of a higher value of r . For 
example , at a sequencing depth of 110 - fold , 1 , 410 true 
cancer - associated mutations can be detected in the plasma 
using an r value of 6 whereas the number of true cancer 
associated mutations detected would be 2 , 600 when the 
sequencing depth increases to 200 - fold and an r value of 7 
is applied . The two sets of data would give an expected 
number of false - positive sites of approximately 20 . 
[ 0153 ] While the sequencing of the whole genome to a 
depth of 200 - fold is relatively expensive at present , one 
possible way of achieving such a sequencing depth would be 
to focus on a smaller region - of - interest . The analysis of a 
target region can be achieved for example by , but not limited 
to , the use of DNA or RNA baits to capture genomic regions 
of interest by hybridization . The captured regions are then 
pulled down , e . g . , by magnetic means and then subjected to 
sequencing . Such target capture can be performed , for 
example , using the Agilent SureSelect target enrichment 
system , the Roche Nimblegen target enrichment system and 
the Illumina targeted resequencing system . Another 
approach is to perform PCR amplification of the target 
regions and then perform sequencing . In one embodiment , 
the region - of - interest is the exome . In such an embodiment , 
target capturing of all exons can be performed on the plasma 
DNA , and the plasma DNA enriched for exonic regions can 
then be sequenced . 
[ 0154 ] In addition to having higher sequencing depth , the 
focus on specific regions instead of analyzing the whole 
genome would significantly reduce the number of nucleotide 
positions in the search space and would lead to a reduction 
in the number of false - positive sites given the same sequenc 
ing error rate . 
[ 0155 ] FIG . 7B is a graph 750 showing the predicted 
number of false - positive sites involving the analysis of the 
whole genome ( WG ) and all exons . For each type of 
analysis , two different values , 5 and 6 , for r are used . At a 
sequencing depth of 200 - fold , if r = 5 is used to define 
mutations in plasma , the predicted number of false - positive 
sites are approximately 23 , 000 and 230 for the whole 
genome and all exons , respectively . If r = 6 is used to define 
mutations in plasma , the predicted number of false - positive 
sites are 750 and 7 , respectively . Therefore , the limit of the 

< 50 
50 - 125 

126 - 235 
236 - 380 
381 - 560 
561 - 760 

Ova A 

VIII . Cancer Detection 
10158 ] . As mentioned above , the counts of sequence tags at 
variant loci can be used in various ways to determine the 
parameter , which is compared to a threshold to classify a 
level of cancer . 
101591 . The fractional concentration of variant reads rela 
tive to all reads at a locus or many loci is another parameter 
that may be used . Below are some examples of calculating 
the parameter and the threshold . 
[ 0160 ] A . Determination of Parameter 
[ 0161 ] If the CG is homozygous at a particular locus for a 
first allele and a variant allele is seen in the biological 
sample ( e . g . , plasma ) , then the fractional concentration can 
be calculated as 2p / ( p + q ) , where p is the number of sequence 
tags having the variant allele and q is the number of 
sequence tags having the first allele of the CG . This formula 
assumes that that only one of the haplotypes of the tumor has 
the variant , which would typically be the case . Thus , for 
each homozygous locus a fractional concentration can be 
calculated . The fractional concentrations can be averaged . In 
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another embodiment , the count p can include the number of 
sequence tags for all of the loci , and similarly for the count 
q , to determine the fractional concentration . An example is 
now described . 
[ 0162 ] The genomewide detection of tumor derived single 
nucleotide variants ( SNVs ) in the plasma of the 4 HCC 
patients was explored . We sequenced tumor DNA and buffy 
coat DNA to mean depths of 29 . 5 - fold ( range , 27 - fold to 
33 - fold ) and 43 - fold ( range , 39 - fold to 46 - fold ) haploid 
genome coverage , respectively . The MPS data from the 
tumor DNA and the buffy coat DNA from each of the 4 HCC 
patients were compared , and SNVs present in the tumor 
DNA but not in the buffy coat DNA were mined with a 
stringent bioinformatics algorithm . This algorithm required 
a putative SNV to be present in at least a threshold number 
of sequenced tumor DNA fragments ( i . e . in a corresponding 
sequenced tag ) before it would be classified as a true SNV . 
The threshold number was determined by taking into 
account the sequencing depth of a particular nucleotide and 
the sequencing error rate , e . g . , as described herein . 
[ 0163 ] FIG . 8 is a table 800 showing results for 4 HCC 
patients before and after treatment , including fractional 
concentrations of tumor - derived DNA in plasma according 
to embodiments of the present invention . The number of 
tumor - associated SNVs ranged from 1 , 334 to 3 , 171 in the 4 
HCC cases . The proportions of such SNVs that were detect 
able in plasma are listed before and after treatment . Before 
treatment , 15 % - 94 % of the tumor associated SNVs were 
detected in plasma . After treatment , the percentage was 
between 1 . 5 % - 5 . 5 % . Thus , the number of detected SNVs 
does correlate to a level of cancer . This shows that the 
number of SNVs can be used as a parameter to classify a 
level of cancer . 
[ 0164 ] The fractional concentrations of tumor - derived 
DNA in plasma were determined by the fractional counts of 
the mutant with respect to the total ( i . e . , mutant plus wild 
type ) sequences . The formula is 2p / ( p + q ) , where the 2 
accounts for just one haplotype being mutated on the tumor . 
These fractional concentrations were well correlated with 
those determined with genomewide aggregated allelic loss 
( GAAL ) analysis ( Chan KC et al . Clin Chem 2013 ; 59 : 211 
24 ) and were reduced after surgery . Thus , the fractional 
concentration is also shown to be a usable parameter for 
determining a level of cancer . 
[ 0165 ] The fractional concentration from the SNV analy 
sis can convey a tumor load . A cancer patient with a higher 
tumor load ( e . g . , a higher deduced fractional concentration ) 
will have a higher frequency of somatic mutations than one 
with a lower tumor load . Thus , embodiments can also be 
used for prognostication . In general , cancer patients with 
higher tumor loads have worse prognosis than those with 
lower tumor loads . The former group would thus have a 
higher chance of dying from the disease . In some embodi 
ments , if the absolute concentration of DNA in a biological 
sample , e . g . plasma , can be determined ( e . g . using real - time 
PCR or fluorometry ) , then the absolute concentration of 
tumor - associated genetic aberrations can be determined and 
used for clinical detection and / or monitoring and / or prog 
nd nostication . 
[ 0166 ] B . Determining of Threshold 
[ 0167 ] Table 800 may be used to determine a threshold . As 
mentioned above , the number of SNVs and a fractional 
concentration determined by SNV analysis correlate to a 
level of cancer . The threshold can be determined on an 

individual basis . For example , the pre - treatment value can 
be used to determine the threshold . In various implementa 
tions , the threshold could be a relative change from the 
pre - treatment of an absolute value . A suitable threshold 
could be a reduction in number of SNVs or fractional 
concentration by 50 % . Such a threshold would provide a 
classification of a lower level of cancer for each of the cases 
in table 800 . Note that such threshold may be dependent on 
the sequencing depth . 
[ 0168 ] In one embodiment , a threshold could be used 
across samples , and may or may not account for pre 
treatment values for the parameter . For example , a threshold 
of 100 SNVs could be used to classify the subject as having 
no cancer or a low level of cancer . This threshold of 100 
SNVs is satisfied by each of the four cases in table 800 . If 
the fractional concentration was used as the parameter , a 
threshold of 1 . 0 % would classify HCC1 - HCC3 as practi 
cally zero level of cancer , and a second threshold of 1 . 5 % 
would classify HCC4 as a low level of cancer . Thus , more 
than one threshold may be used to obtain more than two 
classifications . 
[ 0169 ] To illustrate other possible thresholds , we analyzed 
the plasma of the healthy controls for the tumor - associated 
SNVs . Numerous measurements can be made of healthy 
subjects to determine a range of how many variations are 
expected from the biological sample relative to the consti 
tutional genome . 
[ 0170 ] FIG . 9 is a table 900 showing detection of the 
HCC - associated SNVs in 16 healthy control subjects 
according to embodiments of the present invention . Table 
900 can be used to estimate the specificity of an SNV 
analysis approach . The 16 healthy controls are listed as 
different rows . The columns investigate the SNVs detected 
for the specific HCC patients , and show the number of 
sequence reads at variant loci having the variant allele and 
the number of sequence reads with the wildtype allele ( i . e . , 
the allele from the CG ) . For example , for HCC1 , control 
C01 had 40 variant reads at such variant loci , but 31 , 261 
reads of the wildtype allele . The last column shows the total 
fractional concentration across all of the SNVs for the HCC1 
patients . As the HCC - associated SNVs were specific for the 
HCC patients , the presence of the HCC - associated SNVS 
represent false - positives . If a cutoff values , as described 
herein , are applied to these apparent sequence variants , all of 
these false - positives would be filtered away . 
[ 0171 ] The presence of a small number of these putative 
tumor - associated mutations in the plasma of the 16 healthy 
controls represented the “ stochastic noise " of this method 
and was likely due to sequencing errors . The mean fractional 
concentration estimated from such noise was 0 . 38 % . These 
values show a range for healthy subjects . Thus , a threshold 
value for a classification of zero level of cancer for HCC 
could be about 0 . 5 % , since the highest fractional concen 
tration was 0 . 43 % . Thus , if all the cancer cells are removed 
from an HCC patient , these low fractional concentrations 
would be expected . 
f0172 ] Referring back to table 800 , if 0 . 5 % was used as a 
threshold for zero level of cancer , then the post - treatment 
plasma data for HCC1 and HCC3 would be determined as 
having zero level based on the SNV analysis . HCC2 might 
be classified as one level up from zero . HCC4 might also be 
classified as one level up from zero , or some higher level , 
but still a relatively low level compared to the pre - treatment 
samples . 
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[ 0173 ] In one embodiment where the parameter corre 
sponds to the number of variant loci , the threshold could be 
zero ( i . e . , one variant locus could indicate a non - zero level 
of cancer ) . However , with many settings ( e . g . , of depth ) , the 
threshold would be higher , e . g . , an absolute value of 5 or 10 . 
In one implementation where a person is monitored after 
treatment , the threshold can be a certain percentage of SNVS 
( identified by analyzing the tumors directly ) showing up in 
the sample . If the cutoff value for the number of variant 
reads required at a locus was large enough , just having one 
variant loci might be indicative of a non - zero level of cancer . 
10174 ] . Thus , quantitative analysis of variations ( e . g . , 
single nucleotide variations ) in DNA from a biological 
sample ( e . g . , plasma ) can be used for the diagnosis , moni 
toring and prognostication of cancer . For the detection of 
cancer , the number of single nucleotide variations detected 
in the plasma of a tested subject can be compared with that 
of a group of healthy subjects . In the healthy subjects , the 
apparent single nucleotide variations in plasma can be due to 
sequencing errors , non - clonal mutations from the blood cells 
and other organs . It has been shown that the cells in normal 
healthy subjects could carry a small number of mutations 
( Conrad D F et al . Nat Genet 2011 ; 43 : 712 - 4 ) , as shown in 
table 900 . Thus , the overall number of apparent single 
nucleotide variations in the plasma of a group of apparently 
healthy subjects can be used as a reference range to deter 
mine if the tested patient has an abnormally high number of 
single nucleotide variations in plasma corresponding to a 
non - zero level of cancer . 
[ 0175 ] The healthy subjects used for establishing the ref 
erence range can be matched to the tested subject in terms 
of age and sex . In a previous study , it has been shown that 
the number of mutations in the somatic cells would increase 
with age ( Cheung N K et al , JAMA 2012 ; 307 : 1062 - 71 ) . 
Thus , as we grow older , then it would be ' normal ' for one to 
accumulate clones of cells , even though they are relatively 
benign most of the time , or would take a very long time to 
become clinically significant . In one embodiment , reference 
levels can be generated for different subject groups , e . g . 
different age , sex , ethnicity , and other parameters ( e . g . 
smoking status , hepatitis status , alcohol , drug history ) . 
[ 0176 ] The reference range can vary based on the cutoff 
value used ( i . e . , the number of variant sequence tags 
required at a locus ) , as well as the assumed false positive rate 
and other variables ( e . g . , age ) . Thus , the reference range 
may be determined for a particular set of one or more 
criteria , and the same criteria would be used to determine a 
parameter for a sample . Then , the parameter can be com 
pared to the reference range , since both were determined 
using the same criteria . 
[ 0177 ] As mentioned above , embodiments may use mul 
tiple thresholds for determining a level of cancer . For 
example , a first level could determine no signs of cancer for 
parameters below the threshold , and at least a first level of 
cancer , which could be a pre - neoplastic level . Other levels 
could correspond to different stages of cancer . 
[ 0178 ] C . Dependency on Experimental Variables 
[ 0179 ] The depth of sequencing can be important for 
establishing the minimum detection threshold of the minor 
ity ( e . g . tumor ) genome . For example , if one uses a sequenc 
ing depth of 10 haploid genomes , then the minimum tumoral 
DNA concentration that one could detect even with a 
sequencing technology without any error is 1 / 5 , i . e . 20 % . On 
the other hand , if one uses a sequencing depth of 100 haploid 

genomes , then one could go down to 2 % . This analysis is 
referring to the scenario that only one mutation locus is 
being analyzed . However , when more mutation loci are 
analyzed , the minimum tumoral DNA concentration can be 
lower and is governed by a binomial probability function . 
For example , if the sequencing depth is 10 folds and the 
fractional concentration of tumoral DNA is 20 % , then the 
chance of detecting the mutation is 10 % . However , if we 
have 10 mutations , then the chance of detecting at least one 
mutation would be 1 - ( 1 - 10 % ) 0 = 65 % . 
[ 0180 ] There are several effects for increasing the 
sequencing depth . The higher the sequencing depth , the 
more sequencing errors would be seen , see FIGS . 4 and 5 . 
However , with a higher sequencing depth , one can more 
easily differentiate sequencing errors from mutations due to 
clonal expansion of a subpopulation of cells ( e . g . cancer 
cells ) because the sequencing errors would occur randomly 
in the genome but the mutations would occur at the same 
location for the given population of cells . 
[ 0181 ] The higher the sequencing depth , the more muta 
tions from the “ healthy cells ” would be identified . However , 
when there is no clonal expansion of these healthy cells and 
their mutational profiles are different , then the mutations in 
these healthy cells can be differentiated from the mutations 
by their frequencies of occurrence in the plasma ( e . g . , by 
using a cutoff N for a required number of reads exhibiting 
the mutation , such as having N equal to 2 , 3 , 4 , 5 , or larger ) . 
[ 0182 ] As mentioned above , the threshold can depend on 
an amount of mutations in healthy cells that would be 
clonally expanded , and thus might not be filtered out through 
other mechanisms . This variance that one would expect can 
be obtained by analyzing healthy subjects . As clonal expan 
sion occurs over time , the age of patient can affect a variance 
that one sees in healthy subjects , and thus the threshold can 
be dependent on age . 
[ 0183 ] D . Combination with Targeted Approaches 
[ 0184 ] In some embodiments , a random sequencing can be 
used in combination with targeted approaches . For example , 
one can perform random sequencing of a plasma sample 
upon presentation of a cancer patient . The sequencing data 
of plasma DNA can be analyzed for copy number aberra 
tions and SNVs . The regions showing aberrations ( e . g . , 
amplification / deletion or high density of SNVs ) can be 
targeted for serial monitoring purposes . The monitoring can 
be done over a period of time , or done immediately after the 
random sequencing , effectively as a single procedure . For 
the targeted analysis , solution - phase hybridization - based 
capture approaches have been successfully used to enrich 
plasma DNA for noninvasive prenatal diagnosis ( Liao G Jet 
al . Clin Chem 2011 ; 57 : 92 - 101 ) . Such techniques are men 
tioned above . Thus , the targeted and random approaches can 
be used in combination for cancer detection and monitoring . 
10185 ] . Thus , one could perform targeted sequencing of the 
loci that are found to be potentially mutated using the 
non - targeted , genomewide approach mentioned above . Such 
targeted sequencing could be performed using solution - or 
solid - phase hybridization techniques ( e . g . using the Agilent 
SureSelect , NimbleGen Sequence Capture , or Illumina tar 
geted resequencing system ) followed by massively parallel 
sequencing . Another approach is to perform amplification 
( e . g . PCR based ) system for targeted sequencing ( Forshew 

et al . Sci Transl Med 2012 ; 4 : 135ra68 ) . T 
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IX . Fractional Concentration 
Nnon - del – Ndel FGAAL = Nnon - del [ 0186 ] The fractional concentration of tumor DNA can be 

used to determine the cutoff value for the required number 
of variations at a locus before the locus is identified as a 
mutation . For example , if the fractional concentration was 
known to be relatively high , then a high cutoff could be used 
to filter out more false positives , since one knows that a 
relatively high number of variant reads should exist for true 
SNVs . On the other hand , if the fractional concentration was 
low , then a lower cutoff might be needed so that some SNVs 
are not missed . In this case , the fractional concentration 
would be determined by a different method than the SNV 
analysis , where it is used as a parameter . 
[ 0187 ] Various techniques may be used for determining 
the fractional concentration , some of which are described 
herein . These techniques can be used to determine the 
fractional concentration of tumor - derived DNA in a mixture , 
e . g . a biopsy sample containing a mixture of tumor cells and 
nonmalignant cells or a plasma sample from a cancer patient 
containing DNA released from tumor cells and DNA 
released from nonmalignant cells . 
[ 0188 ] A . GAAL 
[ 0189 ] Genomewide aggregated allelic loss ( GAAL ) ana 
lyzes loci that have lost heterozygosity ( Chan KC et al . Clin 
Chem 2013 ; 59 : 211 - 24 ) . For a site of the constitutional 
genome CG that is heterozygous , a tumor often has a locus 
that has a deletion of one of the alleles . Thus , the sequence 
reads for such a locus will show more of one allele than 
another , where the difference is proportional to the fractional 
concentration of tumor DNA in the sample . An example of 
such a calculation follows . 
[ 0190 ] DNA extracted from the buffy coat and the tumor 
tissues of the HCC patients was genotyped with the Affyme 
trix Genome - Wide Human SNP Array 6 . 0 system . The 
microarray data were processed with the Affymetrix Geno 
typing Console version 4 . 1 . Genotyping analysis and single 
nucleotide polymorphism ( SNP ) calling were performed 
with the Birdseed v2 algorithm . The genotyping data for the 
buffy coat and the tumor tissues were used for identifying 
loss - of - heterozygosity ( LOH ) regions and for performing 
copy number analysis . Copy number analysis was per 
formed with the Genotyping Console with default param 
eters from Affymetrix and with a minimum genomic - seg 
ment size of 100 bp and a minimum of 5 genetic markers 
within the segment . 
[ 0191 ] Regions with LOH were identified as regions hav 
ing 1 copy in the tumor tissue and 2 copies in the buffy coat , 
with the SNPs within these regions being heterozygous in 
the buffy coat but homozygous in the tumor tissue . For a 
genomic region exhibiting LOH in a tumor tissue , the SNP 
alleles that were present in the buffy coat but were absent 
from or of reduced intensity in the tumor tissues were 
considered to be the alleles on the deleted segment of the 
chromosomal region . The alleles that were present in both 
the buffy coat and the tumor tissue were deemed as having 
been derived from the non - deleted segment of the chromo 
somal region . For all the chromosomal regions with a single 
copy loss in the tumor , the total number of sequence reads 
carrying the deleted alleles and the non - deleted alleles were 
counted . The difference of these two values was used to infer 
the fractional concentration of tumor - derived DNA ( F GAAL ) 
in the sample using the following equation : 

where Non - de ; represents the total number of sequence reads 
carrying the non - deleted alleles and N de represents the total 
number of sequence reads carrying the deleted alleles . 
[ 0192 ] B . Estimation Using Genomic Representation 
[ 0193 ] A problem with the GAAL technique is that par 
ticular loci ( i . e . ones exhibiting LOH ) are identified and only 
sequence reads aligning to such loci are used . Such require 
ment can add additional steps , and thus costs . An embodi 
ment is now described which uses only copy number , e . g . , 
a sequence read density . 
[ 0194 ] Chromosomal aberrations , for example , amplifica 
tions and deletions are frequently observed in cancer 
genomes . The chromosomal aberrations observed in cancer 
tissues typically involve subchromosomal regions and these 
aberrations can be shorter than 1 Mb . And , the cancer 
associated chromosomal aberrations are heterogeneous in 
different patients , and thus different regions may be affected 
in different patients . It is also not uncommon for tens , 
hundreds or even thousands of copy number aberrations to 
be found in a cancer genome . All of these factors make 
determining tumor DNA concentration difficult . 
[ 01951 . Embodiments involve the analysis of quantitative 
changes resulted from tumor - associated chromosomal aber 
rations . In one embodiment , the DNA samples containing 
DNA derived from cancer cells and normal cells are 
sequenced using massively parallel sequencing , for 
example , by the Illumina HiSeq2000 sequencing platform . 
The derived DNA may be cell - free DNA in plasma or other 
suitable biological sample . 
[ 0196 ] Chromosomal regions that are amplified in the 
tumor tissues would have increased probability of being 
sequenced and regions that are deleted in the tumor tissues 
would have reduced probability of being sequenced . As a 
result , the density of sequence reads aligning to the ampli 
fied regions would be increased and that aligning to the 
deleted regions would be reduced . The degree of variation is 
proportional to the fractional concentration of the tumor 
derived DNA in the DNA mixture . The higher the proportion 
of DNA from the tumor tissue , the larger the change would 
be caused by the chromosomal aberrations . 
[ 01971 1 . Estimation in Sample with High Tumor Concen 
tration 
[ 0198 ] DNA was extracted from the tumor tissues of four 
hepatocellular carcinoma patients . The DNA was frag 
mented using the Covaria DNA sonication system and 
sequenced using the Illumina HiSeq2000 platform as 
described ( Chan KC et al . Clin Chem 2013 ; 59 : 211 - 24 ) . The 
sequence reads were aligned to the human reference genome 
( hg18 ) . The genome was then divided into 1 Mb bins 
( regions ) and the sequence read density was calculated for 
each bin after adjustment for GC - bias as described ( Chen E 
Z et al . PLoS One . 2011 ; 6 : e21791 ) . 
[ 0199 ] After sequence reads are aligned to a reference 
genome , a sequence read density can be computed for 
various regions . In one embodiment , the sequence read 
density is a proportion determined as the number of reads 
mapped to a particular bin ( e . g . , 1 Mb region ) divided by the 
total sequence reads that can be aligned to the reference 
genome ( e . g . , to a unique position in the reference genome ) . 
Bins that overlap with chromosomal regions amplified in the 
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tumor tissue are expected to have higher sequence read 
densities than those from bins without such overlaps . On the 
other hand , bins that overlap with chromosomal regions that 
are deleted are expected to have lower sequence read den - 
sities than those without such overlaps . The magnitude of 
the difference in sequence read densities between regions 
with and without chromosomal aberrations is mainly 
affected by the proportion of tumor - derived DNA in the 
sample and the degree of amplification / deletion in the tumor 

is the R value of the left peak . The largest difference would 
be 1 , corresponding to 100 % . The fractional concentration 
of tumor - derived DNA in the tumor sample obtained from 
the HCC patient is estimated to be 66 % , where the values of 
Rright and Rieft are 1 . 376 and 0 . 712 , respectively . 
[ 0205 ] To verify this result , another method using the 
genomewide aggregated allele loss ( GAAL ) analysis was 
also used to independently determine the fractional concen 
tration of proportion of tumoral DNA ( Chan KC et al . Clin 
Chem 2013 ; 59 : 211 - 24 ) . Table 3 shows the fractional con 
centrations of tumor - derived DNA in the tumor tissues of the 
four HCC patients using the genomic representation ( FGR ) 
and the GAAL ( FGHAD ) approaches . The values determined 
by these two different approaches agree well with each other . 

cells . 

TABLE 3 

showing fractional concentration determined 
by GAAL and genomic representation ( GR ) . 

HCC tumor F GAAL F GR 

HNM 60 . 0 % 
60 . 0 % 
58 . 0 % 
45 . 7 % 

66 . 5 % 
61 . 4 % 
58 . 9 % 
42 . 2 % 

[ 0200 ] Various statistical models may be used to identify 
the bins having sequence read densities corresponding to 
different types of chromosomal aberrations . In one embodi 
ment , a normal mixture model ( McLachlan G and Peel D . 
Multvariate normal mixtures . In Finite mixture models 
2004 : p 81 - 116 . John Wiley & Sons Press ) can be used . 
Other statistical models , for example the binomial mixture 
model and Poisson regression model ( McLachlan G and 
Peel D . Mixtures with non - normal components , Finite mix 
ture models 2004 : p 135 - 174 . John Wiley & Sons Press ) , can 
also be used . 
[ 0201 ] The sequence read density for a bin can be nor 
malized using the sequence read density of the same bin as 
determined from the sequencing of the buffy coat DNA . The 
sequence read densities of different bins may be affected by 
the sequence context of a particular chromosomal region , 
and thus the normalization can help to more accurately 
identify regions showing aberration . For example , the map 
pability ( which refers to the probability of aligning a 
sequence back to its original position ) of different chromo 
somal regions can be different . In addition , the polymor 
phism of copy number i . e . copy number variations ) would 
also affect the sequence read densities of the bins . Therefore , 
normalization with the buffy coat DNA can potentially 
minimize the variations associated with the difference in the 
sequence context between different chromosomal regions . 
10202 ] FIG . 10A shows a distribution plot 1000 of the 
sequence read densities of the tumor sample of an HCC 
patient according to embodiments of the present invention . 
The tumor tissue was obtained following surgical resection 
from the HCC patient . The x - axis represents the log , of the 
ratio ( R ) of the sequence read density between the tumor 
tissue and the buffy coat of the patient . The y - axis represents 
the number of bins . 
10203 ] Peaks can be fitted to the distribution curve to 
represent the regions with deletion , amplification , and with 
out chromosomal aberrations using the normal mixture 
model . In one embodiment , the number of peaks can be 
determined by the Akaike ' s information criterion ( AIC ) 
across different plausible values . The central peak with a 
log , R = 0 ( i . e . R = 1 ) represents the regions without any 
chromosomal aberration . The left peak ( relative to the 
central one ) represents regions with one copy loss . The right 
peak ( relative to central one ) represents regions with one 
copy amplification . 
[ 0204 ] The fractional concentration of tumor - derived 
DNA can be reflected by the distance between the peaks 
representing the amplified and deleted regions . The larger 
the distance , the higher the fractional concentration of the 
tumor - derived DNA in the sample would be . The fractional 
concentration of tumor - derived DNA in the sample can be 
determined by this genomic representation approach , 
denoted as FGR , using the following equation : FGR = Rright 
Rieft , where Rright is the R value of the right peak and Rieft 

[ 0206 ] 2 . Estimation in Sample with Low Tumor Concen 
tration 
[ 0207 ] The above analysis has shown that our genomic 
representation method can be used to measure the fractional 
concentration of tumor DNA when more than 50 % of the 
sample DNA is tumor - derived , i . e . when the tumor DNA is 
a majority proportion . In the previous analysis , we have 
shown that this method can also be applied to samples in 
which the tumor - derived DNA represents a minor proportion 
( i . e . , below 50 % ) . Samples that may contain a minor pro 
portion of tumor DNA include , but not limited to blood , 
plasma , serum , urine , pleural fluid , cerebrospinal fluid , tears , 
saliva , ascitic fluid and feces of cancer patients . In some 
samples , the fractional concentration of tumor - derived DNA 
can be 49 % , 40 % , 30 % , 20 % , 10 % , 5 % , 2 % , 1 % , 0 . 5 % , 
0 . 1 % or lower . 
[ 0208 ] For such samples , the peaks of sequence read 
density representing the regions with amplification and 
deletion may not be as obvious as in samples containing a 
relatively high concentration of tumor - derived DNA as 
illustrated above . In one embodiment , the regions with 
chromosomal aberrations in the cancer cells can be identi 
fied by making comparison to reference samples which are 
known to not contain cancer DNA . For example , the plasma 
of subjects without a cancer can be used as references to 
determine the normative range of sequence read densities for 
the chromosome regions . The sequence read density of the 
tested subject can be compared with the value of the 
reference group . In one embodiment , the mean and standard 
deviation ( SD ) of sequence read density can be determined . 
For each bin , the sequence read density of the tested subject 
is compared with the mean of the reference group to 
determine the Z - score using the following formula : 

( GRrest – GRref ) 2 – score = SDref 
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where GR test represents the sequence read density of the 
cancer patient ; GRrer represents the mean sequence read 
density of the reference subjects and SD refrepresents the SD 
of the sequence read densities for the reference subjects . 
[ 0209 ] Regions with Z - score < - 3 signifies significant 
underpresentation of the sequence read density for a par 
ticular bin in the cancer patient suggesting the presence of a 
deletion in the tumor tissue . Regions with z - score > 3 signi 
fies significant overpresentation of the sequence read density 
for a particular bin in the cancer patient suggesting the 
presence of an amplification in the tumor tissue 
0210 ] Then , the distribution of the z - scores of all the bins 

can be constructed to identify regions with different numbers 
of copy gain and loss , for example , deletion of 1 or 2 copies 
of a chromosome ; and amplification , resulting in of 1 , 2 , 3 
and 4 additional copies of a chromosome . In some cases , 
more than one chromosome or more than one regions of a 
chromosome may be involved . 
[ 0211 ] FIG . 10B shows a distribution plot 1050 of z - scores 
for all the bins in the plasma of a HCC patient according to 
embodiments of the present invention . The peaks ( from left 
to right ) representing 1 - copy loss , no copy change , 1 - copy 
gain and 2 - copy gain are fitted to the Z - score distribution . 
Regions with different types of chromosomal aberrations 
can then be identified , for example using the normal mixture 
model as described above . 
0212 ] . The fractional concentration of the cancer DNA in 
the sample ( F ) can then be inferred from the sequence read 
densities of the bins that exhibit one - copy gain or one - copy 
loss . The fractional concentration determined for a particular 
bin can be calculated as 

types of chromosomal aberrations are the most common . 
This approximation is most useful when the number of bins 
with chromosomal aberrations is relatively small and fitting 
of normal distribution may not be accurate . 
[ 0215 ] FIG . 11 shows a distribution plot 1100 of z - scores 
for the plasma of an HCC patient according to embodiments 
of the present invention . While the number of bins overlap 
ping with chromosomal aberrations is relatively small , all 
bins with z - score < - 3 and z - score > 3 were fitted to the normal 
distributions of single copy loss and single copy gain , 
respectively . 
[ 0216 ] The fractional concentrations of tumor - derived 
DNA in the plasma of the four HCC patients were deter 
mined using GAAL analysis and this GR - based approach . 
The results are shown in Table 4 . As can be seen , the 
deduced fractional representation correlates well between 
the GAAL analysis and the GR analysis . 

TABLE 4 
Fractional concentration of tumor - derived DNA in plasma 
deduced by the analysis of chromosomal aberrations . 

Fractional concentration of tumor - derived 
DNA in plasma 

Samples GAAL analysis GR analysis 

casel1 
case13 
case23 
case27 

4 . 3 % 
5 % 

52 % 
7 . 6 % 

4 . 5 % 
5 . 5 % 
62 % 
6 . 1 % 

IGRtest - GRrep | X2 
- x 100 % . F = 

GR ref 

This can also be expressed as : 

p = k - score x SDrefl x2 , F 
7 . – score x SD ref 

- X2 , = 

GRret 

which can be rewritten as : F = | z - scorelxCVX2 , where CV is 
the coefficient of variation for the measurement of the 
sequence read density of the reference subjects ; and 

[ 0217 ] C . Method of Determining Fractional Concentra 
tion 
[ 0218 ] FIG . 12 is a flowchart of a method 1200 of deter 
mining a fractional concentration of tumor DNA in a bio 
logical sample including cell - free DNA according to 
embodiments of the present invention . Method 1200 may be 
performed via various embodiments , including embodi 
ments described above . 
10219 ] . At block 1210 , one or more sequence tags are 
received for each of a plurality of DNA fragments in the 
biological sample . Block 1210 may be performed as 
described herein for other methods . For example , one end of 
a DNA fragment may be sequenced from a plasma sample . 
In another embodiment , both ends of a DNA fragment may 
be sequenced , thereby allowing a length of the fragment to 
be estimated . 
[ 0220 ] At block 1220 , genomic positions are determined 
for the sequence tags . The genomic positions can be deter 
mined , e . g . , as described herein by aligning the sequence 
tags to a reference genome . If both ends of a fragment are 
sequenced , then the paired tags may be aligned as a pair with 
a distance between the two tags constrained to be less than 
a specified distance , e . g . , 500 or 1 , 000 basis . 
[ 0221 ] At block 1230 , for each of a plurality of genomic 
regions , a respective amount of DNA fragments within the 
genomic region is determined from sequence tags having a 
genomic position within the genomic region . The genomic 
regions may be non - overlapping bins of equal length in the 
reference genome . In one embodiment , a number of tags that 
align to a bin can be counted . Thus , each bin can have a 
corresponding number of aligned tags . A histogram can be 
computed illustrating a frequency that bins have a certain 
number of aligned tags . Method 1200 may be performed for 

cv = seperti 
[ 0213 ] In one embodiment , the results from the bins are 
combined . For example , the Z - scores of bins showing a 
1 - copy gain can be averaged or the resulting F values 
averaged . In another implementation , the value of the 
Z - score used for inferring F is determined by a statistical 
model and is represented by the peaks shown in FIG . 10B 
and FIG . 11 . For example , the z - score of the right peak can 
be used to determine the fractional concentration for the 
regions exhibiting 1 - copy gain . 
[ 0214 ] In another embodiment , all bins with Z - score < - 3 
and z - score > 3 can be attributed to regions with single copy 
loss and single copy gain , respectively , because these two 
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genomic regions each having a same length ( e . g . , 1 Mb 
bins ) , where the regions are non - overlapping . In other 
embodiments , different lengths can be used , which may be 
accounted for , and the regions may overlap . 
[ 0222 ] At block 1240 , the respective amount is normalized 
to obtain a respective density . In one embodiment , normal 
izing the respective amount to obtain a respective density 
includes using a same total number of aligned reference tags 
to determine the respective density and the reference density . 
In another embodiment , the respective amount can be 
divided by a total number of aligned reference tags . 
[ 0223 ] At block 1250 , the respective density is compared 
to a reference density to identify whether the genomic region 
exhibits a 1 - copy loss or a 1 - copy gain . In one embodiment , 
a difference is computed between the respective density and 
the reference density ( e . g . , as part of determining a z - score ) 
and compared to a cutoff value . In various embodiments , the 
reference density can be obtained from a sample of healthy 
cells ( e . g . , from the buffy coat ) or from the respective 
amounts themselves ( e . g . , by taking an median or average 
value , under an assumption that most regions do not exhibit 
a loss or a gain ) . 
[ 0224 ] At block 1260 , a first density is calculated from one 
or more respective densities identified as exhibiting a 1 - copy 
loss or from one or more respective densities identified as 
exhibiting a 1 - copy gain . The first density can correspond to 
just one genomic region , or may be determined from den 
sities of multiple genomic regions . For example , the first 
density may be computed from respective densities having 
a 1 - copy loss . The respective densities provide a measure of 
the amount of the density difference resulting from the 
deletion of the region in a tumor , given the tumor concen 
tration . Similarly , if the first density is from respective 
densities having a 1 - copy gain , then a measure of the amount 
of density difference resulting from the duplication of the 
region in a tumor can be obtained . Sections above describe 
various examples of how the densities of multiple regions 
can be used to determine an average density to be used for 
the first density . 
[ 0225 ] At block 1270 , the fractional concentration is cal 
culated by comparing the first density to another density to 
obtain a differential . The differential is normalized with the 
reference density , which may be done in block 1270 . For 
example , the differential can be normalized with the refer 
ence density by dividing the differential by the reference 
density . In another embodiment , the differential can be 
normalized in earlier blocks . 
[ 0226 ] . In one implementation , the another density is the 
reference density , e . g . , as in section 2 above . Thus , calcu 
lating the fractional concentration may include multiplying 
the differential by two . In another implementation , the 
another density is a second density calculated from respec 
tive densities identified as exhibiting a 1 - copy loss ( where 
the first density is calculated using respective densities 
identified as exhibiting a 1 - copy gain ) , e . g . , as described in 
section 1 above . In this case , the normalized differential can 
be determined by computing a first ratio ( e . g . , Rright ) of the 
first density and the reference density and computing a 
second ratio ( Reft ) of the second density and the reference 
density , where the differential is between the first ratio and 
the second ratio . As described above , the identification of 
genomic region exhibiting a 1 - copy loss or a 1 - copy gain can 
be performed by fitting peaks to a distribution curve of a 
histogram of the respective densities . 

0227 ] In summary , embodiments can analyze the 
genomic representation of plasma DNA in different chro 
mosomal regions to simultaneously determine if the chro 
mosomal region is amplified or deleted in the tumor tissue 
and , if the region is amplified or deleted , to use its genomic 
representation to deduce the fractional concentration of the 
tumor - derived DNA . Some implementations use a normal 
mixture model to analyze the overall distribution of the 
genomic representation of different regions so as to deter 
mine the genomic representation associated with different 
types of aberrations , namely gains of 1 , 2 , 3 or 4 copies and 
the losses of 1 or 2 copies . 
[ 0228 ] Embodiments have several advantages over other 
methods , for example genomewide aggregated allelic loss 
( GAAL ) approach ( U . S . patent application Ser . No . 13 / 308 , 
473 ; Chan KC et al . Clin Chem 2013 ; 59 : 211 - 24 ) and the 
analysis of tumor - associated single nucleotide mutations 
( Forshew T et al . Sci Transl Med . 2012 ; 4 : 136ra68 ) . All 
sequence reads mapping to regions with chromosomal aber 
rations can be used to determine the sequence read density 
of the region and , hence , are informative regarding the 
fractional concentration of tumoral DNA . On the other hand , 
in GAAL analysis , only sequence reads covering single 
nucleotides that are heterozygous in the individual and 
located within a chromosomal region with chromosome gain 
or loss would be informative . Similarly , for the analysis of 
cancer - associated mutations , only sequence reads covering 
the mutations would be useful for the deduction of the 
tumoral DNA concentration . Therefore , embodiments can 
allow a more cost - effective use of the sequencing data as 
relatively fewer sequencing reads may be needed to achieve 
the same degree of accuracy in the estimation of fractional 
concentration of tumor - derived DNA when compared with 
other approaches . 

X . Alternative Methodologies 
[ 0229 ] Apart from using the number of times that a 
particular mutation is seen on a sequence tag as a criteria for 
identifying a locus as being a true mutation ( thereby adjust 
ing the positive predictive value ) , one could employ other 
techniques instead of or in addition to using a cutoff value 
to provide greater predictive value in identifying a cancerous 
mutation . For example , one could use bioinformatics filters 
of different stringencies when processing the sequencing 
data , e . g . , by taking into account the quality score of a 
sequenced nucleotide . In one embodiment , one could use 
DNA sequencers and sequencing chemistries with different 
sequencing error profiles . Sequencers and chemistries with 
lower sequencing error rates would give a higher positive 
predictive values . One can also use repeated sequencing of 
the same DNA fragment to increase the sequencing accu 
racy . One possible strategy is the circular consensus 
sequencing strategy of Pacific Biosciences . 
[ 0230 ] In another embodiment , one could incorporate size 
information on the sequenced fragments into the interpre 
tation of the data . As tumor - derived DNA is shorter than the 
non - tumor - derived DNA in plasma ( see U . S . patent appli 
cation Ser . No . 13 / 308 , 473 ) , the positive predictive value of 
a shorter plasma DNA fragment containing a potential 
tumor - derived mutation will be higher than that of a longer 
plasma DNA fragment . The size data will be readily avail 
able if one performs paired - end sequencing of the plasma 
DNA . As an alternative , one could use DNA sequencers with 
long read lengths , thus yielding the complete length of a 
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plasma DNA fragment . One could also perform size frac 
tionation of the plasma DNA sample prior to DNA sequenc 
ing . Examples of methods that one could use for size 
fractionation include gel electrophoresis , the use of micro 
fluidics approach ( e . g . the Caliper LabChip XT system ) and 
size - exclusion spin columns . 
[ 0231 ] In yet another embodiment , the fractional concen 
tration of tumor - associated mutations in plasma in a patient 
with non - hematologic cancer would be expected to increase 
if one focuses on the shorter DNA fragments in plasma . In 
one implementation , one can compare the fractional con 
centration of tumor - associated mutations in plasma in DNA 
fragments of two or more different size distributions . A 
patient with a non - hematologic cancer will have higher 
fractional concentrations of tumor - associated mutations in 
the shorter fragments when compared with the larger frag 
ments . 
0232 ] In some embodiments , one could combine the 
sequencing results from two or more aliquots of the same 
blood sample , or from two or more blood samples taken on 
the same occasions or on different occasions . Potential 
mutations seen in more than one aliquot or samples would 
have a higher positive predictive value of tumor - associated 
mutations . The positive predictive value would increase 
with the number of samples that show such a mutation . 
[ 0233 ] The potential mutations that are present in plasma 
samples taken at different time points can be regarded as 
potential mutations . 

XI . Examples 
[ 0234 ] The following are example techniques and data , 
which should not be considered limiting on embodiments of 
the present invention . 
[ 0235 ] A . Materials And Methods 
[ 0236 ] Regarding sample collection , hepatocellular carci 
noma ( HCC ) patients , carriers of chronic hepatitis B , and a 
patient with synchronous breast and ovarian cancers were 
recruited . All HCC patients had Barcelona Clinic Liver 
Cancer stage A1 disease . Peripheral blood samples from all 
participants were collected into EDTA - containing tubes . 
The tumor tissues of the HCC patients were obtained during 
their cancer resection surgeries . 
[ 0237 ] Peripheral blood samples were centrifuged at 1 , 600 
g for 10 min at 4° C . The plasma portion was recentrifuged 
at 16 , 000 g for 10 min at 4° C . and then stored at 80° C . 
Cell - free DNA molecules from 4 . 8 mL of plasma were 
extracted according to the blood and body fluid protocol of 
the QIAamp DSP DNABlood Mini Kit ( Qiagen ) . The 
plasma DNA was concentrated with a SpeedVac Concen 
trator ( Savant DNA 120 ; Thermo Scientific ) into a 40 - ul 
final volume per case for subsequent preparation of the 
DNA - sequencing library 
[ 0238 ] Genomic DNA was extracted from patients ' buffy 
coat samples according to the blood and body fluid protocol 
of the QIAamp DSP DNA Blood Mini Kit . DNA was 
extracted from tumor tissues with the QIAamp DNA Mini 
Kit ( Qiagen ) . 
[ 0239 ] Sequencing libraries of the genomic DNA samples 
were constructed with the Paired - End Sample Preparation 
Kit ( Illumina ) according to the manufacturer ' s instructions . 
In brief , 1 - 5 micrograms of genomic DNA was first sheared 
with a Covaris S220 Focused - ultrasonicator to 200 - bp frag 
ments . Afterward , DNA molecules were end - repaired with 
T4 DNA polymerase and Klenow polymerase ; T4 poly - 

nucleotide kinase was then used to phosphorylate the 5 ' 
ends . A 3 ' overhang was created with a 3 ' - to - 5 ' exonuclease 
deficient Klenow fragment . Illumina adapter oligonucle 
otides were ligated to the sticky ends . The adapter - ligated 
DNA was enriched with a 12 - cycle PCR . Because the 
plasma DNA molecules were short fragments and the 
amounts of total DNA in the plasma samples were relatively 
small , we omitted the fragmentation steps and used a 
15 - cycle PCR when constructing the DNA libraries from the 
plasma samples . 
[ 0240 ] An Agilent 2100 Bioanalyzer ( Agilent Technolo 
gies ) was used to check the quality and size of the adapter 
ligated DNA libraries . DNA libraries were then measured by 
a KAPA Library Quantification Kit ( Kapa Biosystems ) 
according to the manufacturer ' s instructions . The DNA 
library was diluted and hybridized to the paired - end 
sequencing flow cells . DNA clusters were generated on a 
Bot cluster generation system ( Illumina ) with the TruSeq 
PE Cluster Generation Kit v2 ( Illumina ) , followed by 51 _ 2 
cycles or 76 _ 2 cycles of sequencing on a HiSeq 2000 system 
( Illumina ) with the TruSeq SBS Kit v2 ( Illumina ) . 
[ 0241 ] The paired - end sequencing data were analyzed by 
means of the Short Oligonucleotide Alignment Program 2 
( SOAP2 ) in the paired - end mode . For each paired - end read , 
50 bp or 75 bp from each end was aligned to the non - repeat 
masked reference human genome ( hg18 ) . Up to 2 nucleotide 
mismatches were allowed for the alignment of each end . The 
genomic coordinates of these potential alignments for the 2 
ends were then analyzed to determine whether any combi 
nation would allow the 2 ends to be aligned to the same 
chromosome with the correct orientation , spanning an insert 
size less than or equal to 600 bp , and mapping to a single 
location in the reference human genome . Duplicated reads 
were defined as paired - end reads in which the insert DNA 
molecule showed identical start and end locations in the 
human genome ; the duplicate reads were removed as pre 
viously described ( Lo et al . Sci Transl Med 2010 ; 2 : 61ra91 ) . 
[ 0242 ] In some embodiments , the paired tumor and con 
stitutional DNA samples were sequenced to identify the 
tumor - associated single nucleotide variants ( SNVs ) . In some 
implementations , we focused on the SNVS occurring at 
homozygous sites in the constitutional DNA ( in this example 
being the buffy coat DNA ) . In principle , any nucleotide 
variation detected in the sequencing data of the tumor tissues 
but absent in the constitutional DNA could be a potential 
mutation ( i . e . , a SNV ) . Because of sequencing errors ( 0 . 1 % 
0 . 3 % of sequenced nucleotides ) , however , millions of false 
positives would be identified in the genome if a single 
occurrence of any nucleotide change in the sequencing data 
of the tumor tissue were to be regarded as a tumor - associated 
SNV . One way to reduce the number of false positives would 
be to institute the criterion of observing multiple occur 
rences of the same nucleotide change in the sequencing data 
in the tumor tissue before a tumor associated SNV would be 
called 
[ 0243 ] Because the occurrence of sequencing errors is a 
stochastic process , the number of false positives due to 
sequencing errors would decrease exponentially with the 
increasing number of occurrences required for an observed 
SNV to be qualified as a tumor - associated SNV . On the other 
hand , the number of false positives would increase with 
increasing sequencing depth . These relationships could be 
predicted with Poisson and binomial distribution functions . 
Embodiments can determine a dynamic cutoff of occurrence 
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for qualifying an observed SNV as tumor associated . 
Embodiments can take into account the actual coverage of 
the particular nucleotide in the tumor sequencing data , the 
sequencing error rate , the maximum false - positive rate 
allowed , and the desired sensitivity for mutation detection . 
[ 0244 ] In some examples , we set very stringent criteria to 
reduce false positives . For example , a mutation may be 
required to be completely absent in the constitutional DNA 
sequencing , and the sequencing depth for the particular 
nucleotide position had to be 20 - fold . In some implemen 
tations , the cutoff of occurrence achieved a false - positive 
detection rate of less than 10 - 7 . In some examples , we also 
filtered out SNVs that were within centromeric , telomeric , 
and low - complexity regions to minimize false positives due 
to alignment artifacts . In addition , putative SNVs mapping 
to known SNPs in the dbSNP build 135 database were also 
removed . 
[ 0245 ] B . Before and after Resection 
[ 0246 ] FIG . 13A shows a table 1300 of the analysis of 
mutations in the plasma of the patient with ovarian cancers 
and a breast cancer at the time of diagnosis according to 
embodiments of the present invention . Here , we demonstrate 
an example for a patient with bilateral ovarian cancers and 
a breast cancer . The sequencing data of the plasma were 
compared to the sequencing results of the constitutional 
DNA of the patient ( buffy coat ) . Single nucleotide changes 
that were present in the plasma but not in the constitutional 
DNA were regarded as potential mutations . The ovarian 
cancers on the right and left side of the patient were each 
sampled at two sites , making a total of four tumor samples . 
The tumor mutations were mutations detected in all the four 
ovarian tumor tissues at four different sites . 
[ 02471 Over 3 . 6 million single nucleotide changes were 
detected in the plasma for at least one time by sequencing . 
Among these changes , only 2 , 064 were also detected in the 
tumor tissues giving a positive prediction value of 0 . 06 % . 
Using the criterion of being detected at least two times in 
plasma , the number of potential mutations was significantly 
reduced by 99 . 5 % to 18 , 885 . The number of tumor muta 
tions was only reduced by 3 % to 2 , 003 , and the positive 
prediction value increased to 11 % . 
[ 0248 ] Using the criteria of detecting at least five times in 
plasma , only 2 , 572 potential mutations were detected and 
amongst them , 1 , 814 were mutations detected in all the 
tumor tissues , thus , giving a positive predictive value of 
71 % . Other criteria for the number of occurrences ( e . g . 2 , 3 , 
4 , 6 , 7 , 8 , 9 , 10 , etc . ) can be used for defining potential 
mutations depending on the sensitivity and positive predic 
tive value required . The higher the number of occurrences is 
used as the criterion , the higher the positive predictive value 
would be with a reduction in the sensitivity . 
10249 ] FIG . 13B shows a table 1350 of the analysis of 
mutations in the plasma of the patient with bilateral ovarian 
cancers and a breast cancer after tumor resection according 
to embodiments of the present invention . Surgical resection 
of the patient was performed . A blood sample was taken one 
day after the resection of the ovarian tumors and the breast 
cancer . The plasma DNA was then sequenced . For this 
example , only the mutations from the ovarian cancers were 
analyzed . Over 3 million potential mutations were detected 
at least once in a plasma sample . However , using a criterion 
of having at least five occurrences , the number of potential 
mutations was reduced to 238 . A significant reduction was 
observed when compared with the number of potential 

mutations for the sample taken at diagnosis and using the 
same criterion of five mutations . 
[ 0250 ] In one embodiment , the number of single nucleo 
tide changes detected in plasma can be used as a parameter 
for the detection , monitoring and prognostication of a cancer 
patient . Different number of occurrences can be used as the 
criterion to achieve the desired sensitivity and specificity . A 
patient with a higher tumor load and thus worse prognosis 
will be expected to have a higher mutational load seen in 
plasma . 
[ 0251 ] For such analysis , one could establish the muta 
tional load profile for different types of cancer . For moni 
toring purposes , one would see that the mutational load in 
plasma of a patient who responds to treatment would reduce . 
If the tumor has recurred , e . g . during a relapse , then the 
mutational load will be expected to increase . Such monitor 
ing would allow one to monitor the efficacy of the selected 
modality of treatment for a patient and to detect the emer 
gence of resistance to a particular treatment . 
[ 0252 ] Through the analysis of the specific mutations that 
one could see in the plasma DNA sequencing results , one 
could also identify targets that would predict sensitivity ( e . g . 
mutations in the epidermal growth factor receptor gene and 
response to tyrosine kinase inhibitor treatment ) and resis 
tance to particular targeted treatment ( e . g . KRAS mutations 
in colorectal cancer and resistance to treatment by panitu 
mumab and cetuximab ) , and could guide the planning of 
treatment regimes . 
[ 0253 ] The example above was for the bilateral ovarian 
cancers . One could also perform the same analysis on the 
mutations of the breast cancer and then would be able to 
track the mutations of both of these cancer types in the 
plasma . One can also use a similar strategy to track the 
mutations of a primary cancer and its metastasis or metas 
tases . 
10254 ) Embodiments would be useful to the screening of 
cancer in apparently healthy subjects or in subjects with 
particular risk factors ( e . g . smoking status , viral status ( such 
as hepatitis virus carriers , human papillomavirus infected 
subjects ) ) . The mutational load that one could see in the 
plasma of such subjects would give a risk that the subject 
would develop symptomatic cancer within a particular time 
frame . Thus , subjects with a higher mutational load in 
plasma would be expected to have a higher risk than those 
with a lower mutational load . Furthermore , the temporal 
profile of such mutational load in plasma would also be a 
powerful indicator of risk . For example , if a subject has one 
plasma mutational load performed each year and if the 
mutational loads are progressively increasing , then this 
subject should be referred for additional screening modali 
ties for cancer , e . g . using chest X ray , ultrasound , computed 
tomography , magnetic resonance imaging or positron emis 
sion tomography . 
[ 0255 ] C . Dynamic Cutoffs to Deduce Mutations from 
Sequencing Plasma 
[ 0256 ] Four patients with hepatocellular carcinoma ( HCC ) 
and one patient with ovarian and breast cancer were 
recruited for this study . For the latter patient , we focused on 
the analysis of the ovarian cancer . Blood samples were 
collected from each patient before and after surgical resec 
tion of the tumors . The resected tumor tissues were also 
collected . The DNA extracted from the tumor tissue , the 
white blood cells of the preoperative blood sample and the 
pre - and post - operative plasma samples was sequenced 
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using the HiSeq2000 sequencing system ( Illumina ) . The 
sequencing data were aligned to the reference human 
genome sequence ( hg18 ) using Short Oligonucleotide 
Analysis Package 2 ( SOAP2 ) ( Li R et al . Bioinformatics 
2009 ; 25 : 1966 - 1967 ) . The DNA sequences of the white 
blood cells were regarded as constitutional DNA sequence 
for each study subject . 
[ 0257 ] In this example , tumor - associated SNMs were first 
deduced from the plasma DNA sequencing data and the CG 
without reference to the tumor tissues . Then , the deduced 
results from plasma were compared with sequencing data 
generated from the tumor tissues ( as a gold standard ) to 
ascertain the accuracy of the deduced results . In this regard , 
the gold standard was made by comparing sequencing data 
from the tumor tissues and the constitutional sequence to 
work out the mutations in the tumor tissues . In this analysis , 
we focused on nucleotide positions at which the constitu 
tional DNA of the studied subject was homozygous . 
[ 0258 ] 1 . Non - Targeted Whole Genome Analysis 
[ 0259 ] The sequencing depths for the white cells , the 
tumor tissues and the plasma DNA of each patient are shown 
in Table 5 . 

TABLE 5 
Median sequencing depths of different samples for the four HCC cases . 

gram ( Langmead B et al . Genome Biol 2009 , 10 : R25 ) . Only 
reads that could be aligned to a unique position of the 
reference genome by SOAP2 and Bowtie were used for the 
downstream analysis for plasma mutations . Other combina 
tions of alignment software packages based on different 
algorithms could also be used . 
[ 0262 ] In order to further minimize the sequencing and 
alignment errors in the actual sequencing data , we applied 
two additional filtering algorithms for calling the nucleotide 
positions which showed single nucleotide variations in the 
sequence reads : ( 1 ) 70 % of the sequence reads carrying the 
mutation could be realigned to the same genomic coordinate 
using Bowtie with mapping quality = Q20 ( i . e . misalignment 
probability < 1 % ) ; ( 2 ) > 70 % of the sequence reads carrying 
the mutation were not within 5 bp of both ends ( i . e . 5 ' and 
3 ' ends ) of the sequence reads . This filtering rule was 
instituted because sequencing errors were more prevalent at 
both ends of a sequence read . 
[ 0263 ] We also investigated the factors affecting the 
deducing of a tumor without prior knowledge of the tumor 
genome . One such parameter was the fractional concentra 
tion of tumor - derived DNA in plasma . This parameter could 
be regarded as another gold standard parameter and was 
deduced for reference purpose with prior knowledge of the 
tumor genome using GAAL . 
[ 0264 ] Table 6 shows nucleotide variations detected in 
plasma before and over treatment . For HCC1 , without prior 
knowledge of the tumor genome , a total of 961 single 
nucleotide variations were detected . Amongst these nucleo 
tide variations detected in plasma , 828 were cancer - associ 
ated mutations . After surgical resection of the HCC , the total 
number of nucleotide variations was reduced to 43 and none 
of them was cancer - associated mutations . 
[ 0265 ] For reference purposes , the fractional concentra 
tion of tumor - derived DNA in the pre - operative plasma 
sample was 53 % and was deduced with prior knowledge of 
the tumor genome . For HCC2 , HCC3 and HCC4 , without 
prior knowledge of the tumor genomes , the numbers of 
single nucleotide variations in plasma were deduced as 
ranging from 27 to 32 for the pre - operative plasma samples . 
These results are compatible with the mathematical predic 
tion that , with a sequencing depth of approximately 20 - fold , 
a very low percentage of cancer - associated mutations could 
be detected in the plasma and most of the sequence varia 
tions detected in the plasma were due to sequencing errors . 
After tumor resection , there was no significant change in the 
number of sequence variations detected . For reference pur 
poses , the fractional concentrations of tumor - derived DNA 
in plasma were deduced as ranging from 2 . 1 % to 5 % and 
were deduced with prior knowledge of the tumor genomes . 

TABLE 6 

Median sequencing depth ( folds ) 

White blood 
cells 

Preoperative Postoperative 
plasma plasma Case Tumor tissue 

8 24 HCC1 
HCC2 
HCC3 
HCC4 
Ovarian 

cancer patient 

? ? ? INNNN 
[ 0260 ] The dynamic cutoffs for the minimum occurrences 
for defining plasma mutations ( r ) as shown in table 1 are 
used for identifying the mutations in the plasma of each 
patient . As the sequencing depth of each locus may vary , the 
cutoff may vary , which effectively provides a dependence of 
the cutoff on the total number of reads for a locus . For 
example , although the median depth is less than 50 ( Table 
5 ) , the sequencing depth of individual loci can vary a lot and 
be covered > 100 times . 
[ 0261 ] In addition to sequencing errors , another source of 
error would be alignment errors . To minimize this type of 
errors , the sequence reads carrying a mutation was realigned 
to the reference genome using the Bowtie alignment pro 

Nucleotide variations detected in plasma . 

Pre - operative plasma Post - operative plasma 

No . of No . of 
Fractional Total no . cancer - Fractional Total no . cancer 

concentration of single associated concentration of single associated 
of tumor - nucleotide mutations of tumor - nucleotide mutations 

derived DNA variations identified derived DNA variations identified 

961 828 HCC1 
HCC2 
HCC3 
HCC4 

53 % 
5 % 

2 . 1 % ooo 
0 . 4 % 
0 . 6 % 
0 . 2 % 0 . 2 % 
1 . 3 % 1 . 3 % 

Now 
2 . 6 % 27 
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TABLE 6 - continued 
Nucleotide variations detected in plasma . 

Pre - operative plasma Post - operative plasma 

No . of No . of 
Fractional Total no . cancer - Fractional Total no . cancer 

concentration of single associated concentration of single associated 
of tumor - nucleotide mutations of tumor - nucleotide mutations 

derived DNA variations identified derived DNA variations identified 
Ova n ( and 46 % 46 % 1718 1718 1502 1502 0 . 2 % 0 . 2 % 2 Ovarian ( and 
breast ) cancer 

patient 

D . 

[ 0266 ] 2 . Target Enrichment of the Exons 
[ 0267 ] As discussed above , increasing the sequencing 
depth for the region - of - interest can increase both the sensi 
tivity and specificity for identifying cancer - associated muta 
tions in plasma and , hence , increasing the discrimination 
power between the cancer patients and non - cancer subjects . 
While the increase of sequencing depth for the whole 
genome is still very costly , one alternative is to enrich for 
certain regions for sequencing . In one embodiment , selected 
exons or indeed the whole exome can be target - enriched for 
sequencing . This approach can significantly increase the 
sequencing depth of the target region without increasing the 
total amount of sequence reads . 
[ 0268 ] The sequencing libraries of the plasma DNA of the 
HCC patients and the patient with ovarian ( and breast ) 
cancer were captured using the Agilent SureSelect All Exon 
kit for target enrichment of the exome . The exon - enriched 
sequencing libraries were then sequenced using the HiSeq 
2000 sequencing system . The sequence reads were aligned 
to the human reference genome ( hg18 ) . After alignment , 
sequence reads uniquely mapped to the exons were analyzed 
for single nucleotide variations . For the identification of 
single nucleotide variations in plasma for the exome capture 
analysis , the dynamic cutoff values shown in table 2 are 
used . 
[ 0269 ] FIG . 14A is a table 1400 showing detection of 
single nucleotide variations in plasma DNA for HCC1 . 
Without prior knowledge of the tumor genome , we deduced 
from the targeted sequencing data a total of 57 single 
nucleotide variations in plasma . In subsequent validation 
from the sequencing data obtained from the tumor tissues , 
55 were found to be true tumor - associated mutations . As 
discussed before , fractional concentration of tumor - derived 
DNA in the pre - operative plasma was 53 % . After tumor 
resection , no single nucleotide variations were detected in 
the targeted sequencing data obtained from the plasma . 
These results indicate that the quantitative analysis of the 
number of single nucleotide variations in plasma can be used 
for monitoring the disease progression of cancer patients . 
[ 0270 ] FIG . 14B is a table 1450 showing detection of 
single nucleotide variations in plasma DNA for HCC2 . 
Without prior knowledge of the tumor genome , we deduced 
from the targeted sequencing data of the plasma a total of 18 
single nucleotide variations . All of these mutations were 
found in the tumor tissues . As discussed before , fractional 
concentration of tumor - derived DNA in the pre - operative 
plasma was 5 % . After tumor resection , no single nucleotide 
variations were detected in the plasma . Compared with 
HCC1 which had a higher fractional concentration of tumor - 
derived DNA in plasma , fewer single nucleotide variations 

were detected in the plasma of the case involving HCC2 . 
These results suggest that the number of single nucleotide 
variations in plasma can be used as a parameter to reflect the 
fractional concentration of tumor - derived DNA in plasma 
and , hence , the tumor load in the patient as it has been 
showed that the concentration of tumor - derived DNA in 
plasma is positively correlated with the tumor load ( Chan K 
C et al . Clin Chem 2005 ; 51 : 2192 - 5 ) . 
[ 0271 ] FIG . 15A is a table 1500 showing detection of 
single nucleotide variations in plasma DNA for HCC3 . 
Without prior knowledge of the tumor genome , we did not 
observe from the targeted sequencing data any single 
nucleotide variations in both the pre - and post - resection 
plasma samples . This is likely to be due to the relatively low 
fractional concentration ( 2 . 1 % ) of tumor - derived DNA in 
plasma in this patient . Further increase in the sequencing 
depth is predicted to improve the sensitivity for detecting 
cancer - associated mutations in cases with low fractional 
concentration of tumor - derived DNA . 
[ 0272 ] FIG . 15B is a table 1550 showing detection of 
single nucleotide variations in plasma DNA for HCC4 . 
Without prior knowledge of the tumor genome , we deduced 
from the targeted sequencing data of the plasma a total of 3 
single nucleotide variations . All of these mutations were 
found in the tumor tissues . Compared with HCC1 and HCC2 
which had higher fractional concentrations of tumor - derived 
DNA in plasma , fewer single nucleotide variations were 
detected in the plasma of case HCC4 which had a fractional 
tumor DNA in plasma of 2 . 6 % . These results suggest that the 
number of single nucleotide variations in plasma can be used 
as a parameter to reflect the fractional concentration of 
tumor - derived DNA in plasma and tumor load in a patient . 
[ 0273 ] FIG . 16 is a table 1600 showing detection of single 
nucleotide variations in plasma DNA for the patient with 
ovarian ( and breast ) cancer . Without prior knowledge of the 
tumor genome , we deduced from the targeted sequencing 
data of the plasma a total of 64 single nucleotide variations . 
Amongst these 59 were found in the ovarian tumor tissues . 
The estimated fractional concentration of ovarian tumor 
derived DNA in the plasma was 46 % . A significant reduction 
in the total number of single nucleotide variations were 
detected in plasma after resection of the ovarian cancer . 
( 0274 ) In addition to the use of the SureSelect target 
enrichment system ( Agilent ) , we also used the Nimblegen 
SeqCap EZ Exome + UTR target enrichment system ( Roche ) 
for enriching sequences from exons for sequencing . The 
Nimblegen SeqCap system covers the exon regions of the 
genome as well as the 5 ' and 3 ' untranslated region . The 
pre - treatment plasma samples of the four HCC patients , two 
healthy control subjects and two chronic hepatitis B carriers 
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without a cancer were analyzed ( Table 7 ) . In other embodi 
ments , other target enrichment systems , including but not 
limited to those using solution phase or solid phase hybrid 
ization , can be used . 

heterogeneity is a bad prognostic indicator ( Yoon H H et al . 
J Clin Oncol 2012 ; 30 : 3932 - 3938 ; Merlo L M F et al . 
Cancer Prev Res 2010 ; 3 : 1388 - 1397 ) . In certain types of 
tumors , the higher the degree of tumoral heterogeneity , the 

TABLE 7 
Exome sequencing results for the four HCC patients ( HCC1 - 4 ) using the Nimblegen SeqCap 
EZ Exome + UTR target enrichment system for sequence capture . The sequencing analysis 

of the pre - treatment plasma of HCC3 was sub - optimal due to a higher percentage of 
PCR - duplicated reads . 

Pre - treatment plasma Post - treatment plasma 

Fractional 
concentration 

of tumor - derived 
DNA in plasma 
by GAAL 
analysis 

No . of No . of sequence No . of sequence No . of sequence 
sequence variation that variation variation that 
variation overlap with detected overlap with 
detected mutations in plasma mutations 

in plasma detected in the fulfilling detected in the 
fulfilling the corresponding the dynamic corresponding 

dynamic cutoffs tumor tissue cutoffs tumor tissue 
69 O 

+ 

HCC1 
HCC2 
HCC3 
HCC4 

53 % 
5 % 

2 . 1 % 
2 . 6 % os NON OFW oo 

10275 ] In the two chronic hepatitis B carriers and the two 
healthy control subjects , one or less single nucleotide varia 
tions that fulfilled the dynamic cutoff criteria were detected 
( Table 8 ) . In three of the four HCC patients , the number of 
sequence variations detected in plasma that fulfilled the 
dynamic cutoff requirement was at least 8 . In HCC3 , no 
SNV that fulfilled the dynamic cutoff was detected . In this 
sample , there was a high proportion PCR - duplicated read in 
the sequenced reads leading to a lower number of non 
duplicated sequenced reads . Marked reduction of SNVs 
detectable in plasma was observed after surgical resection of 
the tumor . 

TABLE 8 
Exome sequencing results for 2 chronic hepatitis B carriers ( HBV1 and 

HBV2 ) and 2 healthy control subjects ( Ctrl1 and Ctrl2 ) using the Nimblegen 
SeqCap EZ Exome + UTR target enrichment system for sequence capture . 

No . of sequence variation detected 
in plasma fulfilling the dynamic 

cutoffs 

higher would be the chance of tumor progression or the 
development of resistant clones following targeted treat 
ment . 
[ 0277 ] Although cancers are believed to arise from the 
clonal expansion of one tumor cell , the growth and evolution 
of a cancer would lead to the accumulation of new and 
different mutations in different parts of a cancer . For 
example , when a cancer patient develops metastasis , the 
tumor located at the original organ and the metastatic tumor 
would share a number of mutations . However , the cancer 
cells of the two sites would also carry a unique set of 
mutations that are absent in the other tumor site . The 
mutations that are shared by the two sites are expected to be 
present at higher concentrations than those mutations that 
are only observed in one tumor site . 
[ 0278 ] A . Example 
[ 0279 ] We analyzed the blood plasma of a patient who had 
bilateral ovarian cancers and a breast cancer . Both ovarian 
tumors were serous adenocarcinoma . The left one measured 
6 cm and the right one measured 12 cm in the longest 
dimension . There were also multiple metastatic lesions at the 
colon and the omentum . The DNA extracted from the 
leukocytes were sequenced using the sequencing - by - synthe 
sis platform from Illumina to an average of 44 - fold haploid 
genome coverage . The nucleotide locations showing only 
one allele , i . e . homozygous , were analyzed further for single 
nucleotide mutations in plasma . 
[ 0280 ] DNA was extracted from four different sites of the 
left and right tumors and was sequenced using the Illumina 
sequencing platform . Two sites ( sites A and B ) were from the 
right tumor and the other two sites ( sites Cand D ) were from 
the left tumor . Sites A and B were approximately 4 cm apart . 
The distance between sites C and D was also approximately 
4 cm . Plasma samples were collected from the patient before 
and after surgical resection of the ovarian tumors . DNA was 
then extracted from the plasma of the patient . The sequenc 
ing depth of the tumor from sites A , B , C and D , as well as 
the plasma samples , are shown in the table 9 . 

HBV1 
HBV2 
Ctrl1 
Ctrl2 

ORA 

XII . Tumor Heterogeneity 

[ 0276 ] The quantification of single nucleotide mutations 
in a biological sample ( e . g . , plasma / serum ) is also useful for 
the analysis of tumor heterogeneity , both intra - tumoral and 
inter - tumoral heterogeneity . Intra - tumoral heterogeneity 
relates to the existence of multiple clones of tumor cells 
within the same tumor . Inter - tumoral heterogeneity relates to 
the existence of multiple clones of tumor cells for two or 
more tumors of the same histologic type , but present in 
different sites ( either in the same organs , or in different 
organs ) . In certain types of tumors , the existence of tumoral 
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TABLE 9 
Sequencing depth of the tumor from sites A , B , C and D . 

No . of raw 
sequencing reads 

No . of aligned Folds of haploid 
r eads genome coverage Sample 

1 , 091 , 250 , 072 876 , 269 , 922 43 . 81 
1 , 374 , 495 , 256 1 , 067 , 277 , 229 53 . 36 

934 , 518 , 588 803 , 007 , 464 40 . 15 

1 , 313 , 051 , 122 1 , 036 , 643 , 946 51 . 83 

Constitutional DNA 
from buffy coat 
Right ovarian tumor 
( site A ) 
Right ovarian tumor 
( site B ) 
Left ovarian tumor 
( site C ) 
Left ovarian tumor 
( site D ) 
Plasma sample 
collected before 
Plasma sample 
collected after 

1 , 159 , 091 , 833 974 , 823 , 207 48 . 74 

988 , 697 , 457 741 , 982 , 535 37 . 10 

957 , 295 , 879 564 , 623 , 127 28 . 23 

[ 0281 ] In the current example , for defining a single tumor 
associated single nucleotide mutation , the nucleotide loca 
tion is sequenced at least 20 times in the tumor tissue and 30 
times in the constitutional DNA . In other embodiments , 
other sequencing depths can be used , e . g . 35 , 40 , 45 , 50 , 60 , 
70 , 80 , 90 , 100 and > 100 folds . The reduction of sequencing 
costs would allow increased depths to be performed much 
more readily . The nucleotide position is homozygous in the 
constitutional DNA whereas a nucleotide change is observed 
in the tumor tissue . The criterion for the occurrence of the 
nucleotide change in the tumor tissue is dependent on the 
total sequencing depth of the particular nucleotide position 
in the tumor tissue . For nucleotide coverage from 20 to 30 
folds , the occurrence of the nucleotide change ( cutoff value ) 
is at least five times . For coverage from 31 to 50 folds , the 
occurrence of the nucleotide change is at least six times . For 
coverage from 51 to 70 folds , the occurrence needs is at least 
seven times . These criteria are derived from the prediction of 
sensitivity of detecting the true mutations and the expected 
number of false positive loci using the Poisson distribution . 
[ 0282 ] FIG . 17 is a table 1700 showing the predicted 
sensitivities of different requirements of occurrence and 
sequencing depths . The sensitivity would correspond to the 
number of true mutations detected at a particular fold depth 
using a particular cutoff . The higher sequencing depth , the 
more likely it is for a mutation to be detected for a given 
cutoff , as more mutation sequence reads will be obtained . 
For higher cutoff values , the less likely a mutant would be 
detected , since the criteria are more stringent . 
[ 0283 ] FIG . 18 is a table 1800 showing the predicted 
numbers of false positive loci for different cutoffs and 
different sequencing depths . The number of false positives 
increases with increasing sequencing depth , as more 
sequence reads are obtained . However , no false positives are 
predicted for a cutoff of five or more , even up to a sequenc 
ing depth of 70 . In other embodiments , different criteria of 
occurrence can be used so as to achieve the desired sensi 
tivity and specificity . 
[ 0284 ] FIG . 19 shows a tree diagram illustrating the num 
ber of mutations detected in the different tumor sites . The 
mutations were determined by sequencing the tumors 
directly . Site A has 71 mutations that are specific to that 
tumor , and site B has 122 site - specific mutations , even 
though they were only 4 cm apart . 10 mutations were seen 
in both sites A and B . Site C has 168 mutations that are 
specific to that tumor , and site D has 248 site - specific 

mutations , even though they were only 4 cm apart . 12 
mutations were seen in both sites C and D . There is 
significant heterogeneity in the mutational profiles for the 
different tumor sites . For example , 248 mutations were only 
detected in the site D tumor but not detected in the other 
three tumor sites . A total of 2 , 129 mutations were seen 
across all sites . Thus , many mutations were shared among 
the different tumors . Thus , there were seven SNV groups . 
There were no observable differences among these four 
regions in terms of copy number aberrations 
[ 0285 ] FIG . 20 is a table 2000 showing the number of 
fragments carrying the tumor - derived mutations in the pre 
treatment and post - treatment plasma sample . The inferred 
fractional concentrations of tumor - derived DNA carrying 
the respective mutations were also shown . The category of 
mutation refers to the tumor site ( s ) where the mutations 
were detected . For example , category A mutations refer to 
mutations only present in site A whereas category ABCD 
mutations refer to mutations present in all the four tumor 
sites . 
[ 0286 ] For the 2 , 129 mutations that were present in all 
four tumor sites , 2 , 105 ( 98 . 9 % ) were detectable in at least 
one plasma DNA fragment . On the other hand , for the 609 
mutations that were present in only one of the four tumor 
sites , only 77 ( 12 . 6 % ) were detectable in at least one plasma 
DNA fragment . Therefore , the quantification of single 
nucleotide mutations in plasma can be used for reflecting the 
relative abundance of these mutations in the tumor tissues . 
This information would be useful for the study of the cancer 
heterogeneity . In this example , a potential mutation was 
called when it had been seen once in the sequencing data . 
[ 0287 ] The fractional concentrations of circulating tumor 
DNA were determined with each SNV group . The fractional 
concentrations of tumor DNA in plasma before surgery and 
after surgery , as determined by SNVs shared by all 4 regions 
( i . e . , group ABCD ) , were 46 % and 0 . 18 % , respectively . 
These latter percentages correlated well with those obtained 
in GAAL analyses , 46 % and 0 . 66 % . Mutations that were 
shared by all 4 regions ( i . e . , group ABCD ) contributed the 
highest fractional contribution of tumor - derived DNA to the 
plasma . 
[ 0288 ] The fractional concentrations of tumor - derived 
DNA in preoperative plasma determined with SNVs from 
groups AB and CD were 9 . 5 % and 1 . 1 % , respectively . These 
concentrations were consistent with the relative sizes of the 
right and left ovarian tumors . The fractional concentrations 
of tumor - derived DNA determined with the region - unique 
SNVs ( i . e . , those in groups A , B , C , and D ) were generally 
low . These data suggest that for an accurate measurement of 
the total tumor load in a cancer patient , the use of a 
genomewide shotgun approach might provide a more rep 
resentative picture , compared with the more traditional 
approach of targeting specific tumor - associated mutations . 
For the latter approach , if only a subset of the tumor cells 
possesses the targeted mutations , one might miss important 
information regarding imminent relapse or disease progres 
sion caused by tumor cells not possessing the targeted 
mutations , or one might miss the emergence of a treatment 
resistant clone . 
[ 0289 ] FIG . 21 is a graph 2100 showing distributions of 
occurrence in plasma for the mutations detected in a single 
tumor site and mutations detected in all four tumor sites . The 
bar graph 2100 shows data for two types of mutation : ( 1 ) 
mutations detected in only one site and ( 2 ) mutations 
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detected in all four tumor sites . The horizontal axis is the 
number of times that a mutation is detected in the plasma . 
The vertical axis shows the percentage of mutations that 
correspond to a particular value on the horizontal axis . For 
example , about 88 % of type ( 1 ) mutations showed up only 
once in the plasma . As you can see , the mutations that 
showed up in one site were detected mostly once , and not 
more than four times . The mutations present in a single 
tumor site were much less frequently detected in the plasma 
compared with the mutations present in all four tumor sites . 
[ 0290 ] One application of this technology would be to 
allow the clinicians to estimate the load of tumor cells 
carrying the different classes of mutations . A proportion of 
these mutations would potentially be treatable with targeted 
agents . Agents targeting mutations carried by a higher 
proportion of tumor cells would be expected to have a more 
prominent therapeutic effects . 
[ 0291 ] FIG . 22 is a graph 2200 showing predicted distri 
bution of occurrence in plasma for mutations coming from 
a heterogeneous tumor . The tumor contains two groups of 
mutations . One group of mutations are present in all tumor 
cells and the other group of mutations are only present in 1 / 4 
of the tumor cells , based on an approximation that two sites 
are representative of each ovarian tumor . The total fractional 
concentration of tumor - derived DNA in plasma is assumed 
to be 40 % . The plasma sample is assumed to be sequenced 
to an average depth of 50 times per nucleotide position . 
According to this predicted distribution of occurrence in 
plasma , the mutations that are present in all tumor tissues 
can be differentiated from the mutations only present in 14 
tumor cells by their occurrence in plasma . For example , the 
occurrence of 6 times can be used as a cutoff . For the 
mutations present in all tumor cells , 92 . 3 % of the mutations 
would be present in the plasma for at least 6 times . In 
contrast , for the mutations that are present in 1 / 4 tumor cells , 
only 12 . 4 % of mutations would be present in the plasma for 
at least 6 times . 
[ 0292 ] FIG . 23 is a table 2300 demonstrating the speci 
ficity of embodiments for 16 healthy control subjects . Their 
plasma DNA samples were sequenced to a median coverage 
of 30 folds . Detection of the mutations that were present in 
the plasma of the above ovarian cancer patient was per 
formed in the plasma samples of these healthy subjects . The 
mutations present in the tumor of the ovarian cancer patient 
were very infrequently detected in the sequencing data of the 
plasma of the healthy control subjects and none of the 
category of mutations had an apparent fractional concentra 
tion of > 1 % . These results show that this detection method 
is highly specific . 
[ 0293 ] B . Method 
[ 0294 ] FIG . 24 is a flowchart of a method 2400 for 
analyzing a heterogeneity of one or more tumors of a subject 
according to embodiments of the present invention . Certain 
steps of method 2400 may be performed as described herein , 
[ 0295 ] At block 2410 , a constitutional genome of the 
subject is obtained . At block 2420 , one or more sequence 
tags are received for each of a plurality of DNA fragments 
in a biological sample of the subject , where the biological 
sample includes cell - free DNA . At block 2430 , genomic 
positions are determined for the sequence tags . At block 
2440 , the sequence tags are compared to the constitutional 
genome to determine a first number of first loci . At each first 
loci , a number of the sequence tags having a sequence 

variant relative to the constitutional genome is above a cutoff 
value , where the cutoff value is greater than one . 
[ 0296 ] At block 2450 , a measure of heterogeneity of the 
one or more tumors are calculated based on the respective 
first numbers of the set of first genomic locations . In one 
aspect , the measures can provide a value that represents a 
number of mutations that are shared by tumors relative to a 
number of mutations that are not shared by tumors . Here , 
various tumors can exist as a single object , with different 
tumors within the object , which may represent what is 
normally called intra - tumor heterogeneity . The measure can 
also relate to whether some mutations are in one or a few 
tumors compared to mutations that are in many or most 
tumors . More than one measure of heterogeneity can be 
calculated . 
[ 0297 ] At block 2460 , the heterogeneity measure can be 
compared to a threshold value to determine a classification 
of a level of heterogeneity . The one or more measured can 
be used in various ways . For example , one or more hetero 
geneity measure measures can be used to predict the chance 
of tumor progression . In some tumors , the more heteroge 
neity the higher is the chance of progression and the higher 
is the chance of emergence of a resistant clone following 
treatment ( e . g . targeted treatment ) . 
[ 0298 ] C . Tumor Heterogeneity Measures 
[ 0299 ] One example of a heterogeneity measure is number 
of ' concentration bands ' of different groups of mutations in 
plasma . For example , if there are two predominant tumor 
clones within a patient , and if these clones are present in 
different concentrations , then we would expect to see two 
different mutations with different concentrations in plasma . 
These different values can be computed by determining the 
fractional concentration for different sets of mutations , 
where each set corresponds to one of the tumors . 
[ 0300 ] Each of these concentrations can be called a ' con 
centration band ' or ' concentration class ' . If a patient has 
more clones , then more concentration bands / classes will be 
seen . Thus , the more bands , the more heterogeneous . The 
number of concentration bands can be seen by plotting the 
fractional concentrations for various mutations . A histogram 
can be made for the various concentrations , where different 
peaks correspond to different tumors ( or different clones of 
one tumor ) . A large peak will likely be for mutations that are 
shared by all or some tumors ( or clones of a tumor ) . These 
peaks may be analyzed to determine which smaller peaks are 
combined to determine a larger peak . A fitting procedure 
may be used , e . g . , similar to the fitting procedure for FIGS . 
10B and 11 . 
[ 0301 ] In one implementation , the histogram is a plot with 
Y - axis being the amount ( e . g . , number or proportion ) of loci 
and x - axis being the fractional concentration . Mutations that 
are shared by all or some tumors would result in a higher 
fractional concentration . The peak size would represent the 
amount of loci that give rise to a particular fractional 
concentration . The relative size of the peaks at low and high 
concentration would reflect the degree of heterogeneity of 
the tumors ( or clones of a tumor ) . A larger peak at the high 
concentration reflects that most mutations are shared by 
most or all tumors ( or clones of a tumor ) and indicate a lower 
degree of tumor heterogeneity . If the peak at the low 
concentration is larger , then most mutations are shared by a 
few tumors ( or a few clones of a tumor ) . This would indicate 
a higher degree of tumor heterogeneity 
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tumor or multiple tumors . Thus , the same heterogeneity 
measures may be used for fractional concentrations deter 
mined via embodiments of method 1200 . 
[ 0311 ] For example , one genomic region can be identified 
as corresponding to a 1 - copy loss , and a fractional concen 
tration can be determined just from a respective density at 
that genomic region ( the respective density could be used as 
a fractional concentration ) . A histogram can be determined 
from the various respective densities by counting the num 
ber of regions having various densities . If only one tumor or 
one tumor clone or one tumor deposit had a gain in a 
particular region , then the density of that region would be 
less than the density in a region that had a gain in multiple 
tumors or multiple tumor clones or multiple tumor deposits 
( i . e . , the fractional concentration of tumor DNA in the 
shared region would be larger than the site - specific region ) . 
The heterogeneity measures described above can thus be 
applied to peaks identified using the copy number gain or 
loss in various regions , just as the fractional concentration of 
different sites showed a distribution of fractional concentra 
tions . 
[ 0312 ] In one implementation , if the respective densities 
are used for the histogram , one would have gains and losses 
separated . The regions showing a gain could be analyzed 
separately by creating a histogram just for gains , and a 
separate histogram can be created just for losses . If the 
fractional concentration is used , then the peaks of losses and 
gains can be analyzed together . For example , the fractional 
concentrations use a difference ( e . g . , as an absolute value ) to 
the reference density , and thus the fractional concentrations 
for gains and losses can contribute to the same peak . 

[ 0302 ] The more peaks that exist , the more site - specific 
mutations there are . Each peak can correspond to a different 
set of mutations , where the set of mutations are from a subset 
of the tumors ( e . g . , just one or two tumors as illustrated 
above ) . For the example of FIG . 19 , there might be a total 
of 7 peaks , with the 4 site - only peaks likely having the 
smallest concentration ( depending on the relative size of the 
tumors ) , two peaks for AB sites and CD sites , and a peak for 
mutations shared by all sites . 
[ 0303 ] The location of the peaks can also provide a 
relative size of the tumors . A larger concentration would 
correlate to a larger tumor , as a larger tumor would release 
more tumor DNA into the sample , e . g . , into plasma . Thus , 
one could estimate the load of tumor cells carrying the 
different classes of mutations . 
[ 0304 ] Another example of a heterogeneity measure is the 
proportion of mutation sites having relatively few variant 
reads ( e . g . , 4 , 5 , or 6 ) compared to the proportion of 
mutation reads having relatively high variant reads ( e . g . , 
9 - 13 ) . Referring back to FIG . 22 , one can see that the 
sire - specific mutations had fewer variant reads ( which also 
results in a smaller fractional concentration ) . The share 
mutations have more variant reads ( which also results in a 
larger fractional concentration ) . A ratio of a first proportion 
at 6 ( smaller count ) divided by a second proportion at 10 
( larger count ) conveys a heterogeneity measure . If the ratio 
is small , then there are few mutations that are site - specific , 
and thus the level of heterogeneity is low . If the ratio is large 
( or at least larger than values calibrated from known speci 
mens ) , then the level of heterogeneity is larger . 
[ 0305 ] D . Determining Thresholds 
[ 0306 The threshold values can be determined from sub 
jects whose tumors are biopsied ( e . g . , as described above ) to 
directly determine a level of heterogeneity . The level may be 
defined in various ways , such as ratios of site - specific 
mutations to shared mutations . Biological samples ( e . g . , 
plasma samples ) can then be analyzed to determine hetero 
geneity measures , where a heterogeneity measure from the 
biological samples can be associated with the level of 
heterogeneity determined by analyzing the cells of the 
tumors directly . 
[ 0307 ) Such a procedure can provide a calibration of 
thresholds relative to heterogeneity levels . If the test het 
erogeneity measure falls between two thresholds , then the 
level of heterogeneity can be estimated as being between the 
levels corresponding to the thresholds . 
[ 0308 ] In one embodiment , a calibration curve can be 
calculated between the heterogeneity levels determined 
from the biopsies and the corresponding heterogeneity mea 
sure determined from the plasma sample ( or other sample ) . 
In such an example , the heterogeneity levels are numeric , 
where these numeric levels can correspond to different 
classifications . Different ranges of numeric levels can cor 
respond to different diagnoses , e . g . , different stages of 
cancer . 
[ 0309 ] E . Method Using Fractional Concentration from 
Genomic Representation 
[ 0310 ] Tumor heterogeneity can also be analyzed using 
the fractional concentration , e . g . , as determined using 
embodiments of method 1200 . The genomic regions that 
exhibit one copy loss might come from different tumors . 
Thus , the fractional concentration determined for various 
genomic regions might differ depending on whether the 
amplification ( or deletion for 1 - copy loss ) exists in just one 

XIII . Computer System 
[ 0313 ] Any of the computer systems mentioned herein 
may utilize any suitable number of subsystems . Examples of 
such subsystems are shown in FIG . 25 in computer appa 
ratus 2500 . In some embodiments , a computer system 
includes a single computer apparatus , where the subsystems 
can be the components of the computer apparatus . In other 
embodiments , a computer system can include multiple com 
puter apparatuses , each being a subsystem , with internal 
components . 
[ 0314 ] The subsystems shown in FIG . 25 are intercon 
nected via a system bus 2575 . Additional subsystems such as 
a printer 2574 , keyboard 2578 , fixed disk 2579 , monitor 
2576 , which is coupled to display adapter 2582 , and others 
are shown . Peripherals and input / output ( I / O ) devices , which 
couple to I / O controller 2571 , can be connected to the 
computer system by any number of means known in the art , 
such as serial port 2577 . For example , serial port 2577 or 
external interface 2581 ( e . g . Ethernet , Wi - Fi , etc . ) can be 
used to connect computer system 2500 to a wide area 
network such as the Internet , a mouse input device , or a 
scanner . The interconnection via system bus 2575 allows the 
central processor 2573 to communicate with each subsystem 
and to control the execution of instructions from system 
memory 2572 or the fixed disk 2579 , as well as the exchange 
of information between subsystems . The system memory 
2572 and / or the fixed disk 2579 may embody a computer 
readable medium . Any of the values mentioned herein can 
be output from one component to another component and 
can be output to the user . 
[ 0315 ] A computer system can include a plurality of the 
same components or subsystems , e . g . , connected together by 
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external interface 2581 or by an internal interface . In some 
embodiments , computer systems , subsystem , or apparatuses 
can communicate over a network . In such instances , one 
computer can be considered a client and another computer a 
server , where each can be part of a same computer system . 
A client and a server can each include multiple systems , 
subsystems , or components . 
[ 0316 ] It should be understood that any of the embodi 
ments of the present invention can be implemented in the 
form of control logic using hardware ( e . g . an application 
specific integrated circuit or field programmable gate array ) 
and / or using computer software with a generally program 
mable processor in a modular or integrated manner . As used 
herein , a processor includes a multi - core processor on a 
same integrated chip , or multiple processing units on a 
single circuit board or networked . Based on the disclosure 
and teachings provided herein , a person of ordinary skill in 
the art will know and appreciate other ways and / or methods 
to implement embodiments of the present invention using 
hardware and a combination of hardware and software . 
[ 0317 ] Any of the software components or functions 
described in this application may be implemented as soft 
ware code to be executed by a processor using any suitable 
computer language such as , for example , Java , C + + or Perl 
using , for example , conventional or object - oriented tech 
niques . The software code may be stored as a series of 
instructions or commands on a computer readable medium 
for storage and / or transmission , suitable media include 
random access memory ( RAM ) , a read only memory 
( ROM ) , a magnetic medium such as a hard - drive or a floppy 
disk , or an optical medium such as a compact disk ( CD ) or 
DVD ( digital versatile disk ) , flash memory , and the like . The 
computer readable medium may be any combination of such 
storage or transmission devices . 
[ 0318 ] Such programs may also be encoded and transmit 
ted using carrier signals adapted for transmission via wired , 
optical , and / or wireless networks conforming to a variety of 
protocols , including the Internet . As such , a computer read 
able medium according to an embodiment of the present 
invention may be created using a data signal encoded with 
such programs . Computer readable media encoded with the 
program code may be packaged with a compatible device or 
provided separately from other devices ( e . g . , via Internet 
download ) . Any such computer readable medium may reside 
on or within a single computer program product ( e . g . a hard 
drive , a CD , or an entire computer system ) , and may be 
present on or within different computer program products 
within a system or network . A computer system may include 
a monitor , printer , or other suitable display for providing any 
of the results mentioned herein to a user . 
[ 0319 ] Any of the methods described herein may be totally 
or partially performed with a computer system including one 
or more processors , which can be configured to perform the 
steps . Thus , embodiments can be directed to computer 
systems configured to perform the steps of any of the 
methods described herein , potentially with different compo 
nents performing a respective steps or a respective group of 
steps . Although presented as numbered steps , steps of meth 
ods herein can be performed at a same time or in a different 
order . Additionally , portions of these steps may be used with 
portions of other steps from other methods . Also , all or 
portions of a step may be optional . Additionally , any of the 
steps of any of the methods can be performed with modules , 
circuits , or other means for performing these steps . 
[ 0320 ] The specific details of particular embodiments may 
be combined in any suitable manner without departing from 
the spirit and scope of embodiments of the invention . 
However , other embodiments of the invention may be 

directed to specific embodiments relating to each individual 
aspect , or specific combinations of these individual aspects . 
[ 0321 ] The above description of exemplary embodiments 
of the invention has been presented for the purposes of 
illustration and description . It is not intended to be exhaus 
tive or to limit the invention to the precise form described , 
and many modifications and variations are possible in light 
of the teaching above . The embodiments were chosen and 
described in order to best explain the principles of the 
invention and its practical applications to thereby enable 
others skilled in the art to best utilize the invention in various 
embodiments and with various modifications as are suited to 
the particular use contemplated . 
[ 0322 ] A recitation of “ a ” , “ an ” or “ the ” is intended to 
mean “ one or more ” unless specifically indicated to the 
contrary . 
[ 0323 ] All patents , patent applications , publications , and 
descriptions mentioned here are incorporated by reference in 
their entirety for all purposes . None is admitted to be prior 
art . 

What is claimed is : 
1 . A method for detecting cancer or premalignant change 

in a subject , the method comprising : 
obtaining a constitutional genome of the subject ; 
receiving one or more sequence tags for each of a plurality 

of DNA fragments in a biological sample of the subject , 
the biological sample including cell - free DNA ; 

determining genomic positions for the sequence tags ; 
comparing the sequence tags to the constitutional genome 

to determine a first number of first loci , wherein : 
at each of the first loci , a number of the sequence tags 

having a sequence variant relative to the constitu 
tional genome is above a cutoff value , the cutoff 
value being greater than one ; 

determining a parameter based on a count of sequence 
tags having a sequence variant at the first loci , and 

comparing the parameter to a threshold value to determine 
a classification of a level of cancer in the subject . 

2 . The method of claim 1 , wherein the threshold value is 
determined from one or more samples from one or more 
other subjects . 

3 . The method of claim 1 , wherein the cutoff value for a 
locus is dependent on a total number of sequence tags that 
have a genomic position at the locus . 

4 . The method of claim 1 , wherein different cutoff values 
are used for at least two of the first loci . 

5 . The method of claim 4 , further comprising : 
dynamically determining a first cutoff value for one of the 

first loci , the one of the first loci residing within a first 
region . 

6 . The method of claim 5 , wherein the first cutoff value is 
determined based on a sequencing depth of the one of the 
first loci . 

7 . The method of claim 5 , wherein the first cutoff value is 
determined based on a false positive rate that depends on a 
sequencing error rate , a sequencing depth of the first region , 
and a number of nucleotide positions in the first region . 

8 . The method of claim 7 , wherein the first cutoff value is 
determined based on a number of true positives in the first 
region . 

9 . The method of claim 8 , further comprising : 
calculating the number of true positives for the first cutoff 

value based on the sequencing depth D of the first 
region and a fractional concentration fof tumor - derived 
DNA in the biological sample . 
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10 . The method of claim 9 , wherein calculating the 
number of true positives uses a Poisson distribution prob - 
ability according to the formula : Pb = 1 - ? i = 0 " - " Poisson ( i , 
Mp ) , where Pb is a probability for detecting true positives , 
and r is the first cutoff value , and Mp = Dxf / 2 . 

11 . The method of claim 5 , wherein the first cutoff value 
is determined using any one of the following criteria : 

if a sequencing depth is less than 50 then the first cutoff 
value is 5 , 

if the sequencing depth is 50 - 110 then the first cutoff value 
is 6 , 

if the sequencing depth is 111 - 200 then the first cutoff 
value is 7 , 

if the sequencing depth is 201 - 310 then the first cutoff 
value is 8 , 

if the sequencing depth is 311 - 450 then the first cutoff 
value is 9 , 

if the sequencing depth is 451 - 620 then the first cutoff 
value is 10 , and 

if the sequencing depth is 621 - 800 then the first cutoff 
value is 11 . 

12 . The method of claim 1 , wherein the parameter is a 
weighted sum of the first number of first loci , wherein a 
contribution of each of the first loci is weighted based on an 
importance value assigned to the respective first loci . 

13 . The method of claim 1 , wherein the parameter 
includes a sum of the sequence tags indicating a sequence 
variant at the first number of first loci . 

14 . The method of claim 13 , wherein the sum is a 
weighted sum , and wherein one of the first loci has a first 
weight that is different than a second weight of a second of 
the first loci . 

15 . The method of claim 14 , wherein the first weight is 
greater than the second weight , and wherein the one of the 
first loci is associated with cancer , and the second of the first 
loci is not associated with cancer . 

16 . The method of claim 1 , wherein the parameter is the 
first number of first loci . 

17 . The method of claim 1 , wherein determining a 
genomic position for a sequence tag includes : 

aligning at least a portion of the sequence tags to a 
reference genome , wherein the alignment of a sequence 
tag allows for one or more mismatches between the 
sequence tag and the reference genome . 

18 . The method of claim 17 , wherein comparing the 
sequence tags to the constitutional genome includes : 

comparing the constitutional genome to the reference 
genome to determine a second number of second loci 
having a variant relative to the reference genome ; 

based on the aligning , determining a third number of third 
loci , wherein : 
at each of the third loci , a number of the sequence tags 
having a sequence variant relative to the reference 
genome is above a cutoff value ; and 

taking a difference of the third number and the second 
number to obtain the first number of first loci . 

19 . The method of claim 18 , wherein taking the difference 
of the third number and the second number identifies the first 
loci . 

20 . The method of claim 19 , wherein determining the 
parameter includes : 

for each locus of the first number of first loci : 
counting sequence tags that align to the locus and have 

a sequence variant at the locus ; and 
determining the parameter based on the respective counts . 

21 . The method of claim 1 , wherein the constitutional 
genome is derived from a constitutional sample from the 
subject that contains more than 50 % constitutional DNA . 

22 . The method of claim 1 , wherein determining a 
genomic position for a sequence tag includes : 

aligning at least a portion of the sequence tags to the 
constitutional genome , wherein the alignment of a 
sequence tag allows for one or more mismatches 
between the sequence tag and the constitutional 
genome . 

23 . The method of claim 22 , wherein comparing the 
sequence tags to the constitutional genome includes : 

based on the aligning , identifying sequence tags that have 
a sequence variant at a genomic location relative to the 
constitutional genome of the subject ; 

for each genomic location of a plurality of genomic 
locations exhibiting a sequence variant : 
counting a respective number of sequence tags that 

align to the genomic location and have a sequence 
variant at the genomic location ; and 

determining a parameter based on the respective numbers . 
24 . The method of claim 23 , wherein determining the 

parameter based on the respective numbers includes : 
summing the respective numbers to obtain a first sum ; and 
using the first sum to determine the parameter . 
25 . The method of claim 24 , wherein using the first sum 

to determine the parameter includes : 
subtracting the number of genomic locations exhibiting a 

sequence variant from the first sum . 
26 . The method of claim 24 , wherein using the first sum 

to determine the parameter includes : 
normalizing the first sum based on an amount of sequence 

tags aligned . 
27 . The method of claim 1 , further comprising : 
obtaining a constitutional sample of the subject that 

contains more than 90 % constitutional DNA ; 
performing random sequencing of DNA fragments in the 

constitutional sample to obtain one or more second 
sequence tags for each of a plurality of DNA fragments 
in the constitutional sample ; 

aligning at least a portion of the second sequence tags to 
a reference genome , wherein the alignment of a second 
sequence tag allows for a mismatch between the second 
sequence tag and the reference genome at M or less 
genomic locations , wherein M is an integer equal to or 
greater than one ; and 

constructing the constitutional genome based on the sec 
ond sequence tags and the aligning . 

28 . The method of claim 27 , wherein the constitutional 
sample is the biological sample , and wherein constructing 
the constitutional genome includes : 

determining a consensus sequence that includes a deter 
mination of a homozygous locus or a heterozygous 
locus having two alleles ; and 

using the consensus sequence at the constitutional 
genome . 

29 . The method of claim 1 , wherein the one or more 
sequence tags are generated from a random sequencing of 
DNA fragments in the biological sample . 
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30 . The method of claim 29 , further comprising : 
receiving the biological sample of the subject ; and 
performing the random sequencing of DNA fragments in 

the biological sample to generate the one or more 
sequence tags for each of a plurality of DNA fragments 
in the biological sample . 

31 . The method of claim 1 , wherein the biological sample 
is urine , pleural fluid , ascitic fluid , peritoneal fluid , saliva , 
cerebrospinal fluid , or a stool sample . 

32 . The method of claim 1 , wherein the parameter is a 
fractional concentration of tumor - derived DNA . 

33 . A computer product comprising a non - transitory com 
puter readable medium storing a plurality of instructions for 
detecting cancer or premalignant change in a subject that 
when executed control a computer system to perform : 

obtaining a constitutional genome of the subject ; 
receiving one or more sequence tags for each of a plurality 

of DNA fragments in a biological sample of the subject , 
the biological sample including cell - free DNA ; 

determining genomic positions for the sequence tags ; 
comparing the sequence tags to the constitutional genome 

to determine a first number of first loci , wherein : 
at each of the first loci , a number of the sequence tags 

having a sequence variant relative to the constitu 
tional genome is above a cutoff value , the cutoff 
value being greater than one ; 

determining a parameter based on a count of sequence 
tags having a sequence variant at the first loci , and 

comparing the parameter to a threshold value to determine 
a classification of a level of cancer in the subject . 

* * * * * 


