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Abstract

Under the situation of increasingly strict data protection, it s important for
insurance companies to further predict the risk and rate of cancer insurance with more
data. This paper discusses a way to solve the problem that data cannot be transmitted
between enterprises—Federated learning. By predicting the survival rate of lung
cancer, this paper compares the effects of federal learning and traditional machine
learning. The results show that federated learning can achieve the same effect as
traditional machine learning when the data must stay in local. Therefore, this paper
shows that under the restriction of laws and regulations federal learning can provide a
new direction in the prediction of survival rate for insurance companies to overcome

the problems of insufficient data.

Keywords * Federal learning ~ lung cancer > data island
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Code | Description

01 White
02 Black
03 American Indian, Aleutian, Alaskan Native or Eskimo

(includes all indigenous populations of the Western
hemisphere)

04 Chinese

05 Japanese

06 Filipino

07 Hawaiian

08 Korean (Effective with 1/1/1988 dx)

10 Vietnamese (Effective with 1/1/1988 dx)

11 Laotian (Effective with 1/1/1988 dx)

12 Hmong (Effective with 1/1/1988 dx)

13 Kampuchean (including Khmer and Cambodian) (Effective

with 1/1/1988 dx)
14 Thai (Effective with 1/1/1994 dx)

15 Asian Indian or Pakistani, NOS (Effective with 1/1/1988 dx)
16 Asian Indian (Effective with 1/1/2010 dx)

17 Pakistani (Effective with 1/1/2010 dx)

20 Micronesian, NOS (Effective with 1/1/1991)

21 Chamorran (Effective with 1/1/1991 dx)

22 Guamanian, NOS (Effective with 1/1/1991 dx)

25 Polynesian, NOS (Effective with 1/1/1991 dx)

26 Tahitian (Effective with 1/1/1991 dx)

27 Samoan (Effective with 1/1/1991 dx)

28 Tongan (Effective with 1/1/1991 dx)

30 Melanesian, NOS (Effective with 1/1/1991 dx)

31 Fiji Islander (Effective with 1/1/1991 dx)

32 New Guinean (Effective with 1/1/1991 dx)

96 Other Asian, including Asian, NOS and Oriental, NOS
(Effective with 1/1/1991 dx)

97 Pacific Islander, NOS (Effective with 1/1/1991 dx)
98 Other

99 Unknown

6 B 304k A H# 2 — RACE/ETHNICITY #914

Z# R IR : RESEARCH PLUS DATA DESCRIPTION
Hob o R T A Fib 0 WA DETER]  BESRT R R AT T
# % (Radiation recode ) > 4E7#% ( Chemotherapy recode (ves, no/unk)) % » & %5 7 4%
R F % (Grade) ~ 2 B3RAL(Primary Site) » B8 K )x (CS tumor size (2004-
2015)) - HmI B (Laterality) » A FHAH &4 F#4 (SEER Combined
Mets at DX-bone (2010+)) * A§##4% (SEER Combined Mets at DX-brain (2010+))
## (SEER Combined Mets at DX-liver (2010+)) % % &k » 4 49 14580 % $ 4T
# oo AN E K F AL string & K69 BF 0 I ERIRA T Label Encoder # 77 &,
B89 string B R EATH K 383% > BlhoBE & (Grade) 2410 110 11T
B BB LR EEATHS ¢ B2 K (CS tumor size (2004-2015) ) 4% FRAEJE & B
WATHER » MR IE A T AL - 3% R B4 41 % T A3 A OneHotEncoder #
T -
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B 3-1 R EHMBAFE ARG SHE - B PR TR ETFRES AN
mmEky  REFEABASMBA c AAHEORTESES > LR EE R
ST A B 09 77 75 B R 4 o MARIE B M 0 AR B W Fa) AR A 4,6870
A0 AE IR A 35.69% -

AE
30000 1

25000 H

20000 H

15000 A

10000 A

5000 -1

0 10 20 30 40 50 60 70 g0 fR7EESF/A

7 W 77 & R $oor

B RIR T AR R R

F 31 RUBT T 5 3 e 5 e gLt 3t & -

* 3 S E
BN | 25%% | 50% % | 5% 5
G LA 343 G R ]
& i fir $% £ $%
Year of
diagnosis 74 | 2012.48 1704271 | 2010 | 2011 2012 2014 2015
Sy
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®N [125%% | 50% | 5% %
BEL T34 % SR b
& A 5 A 5 A 5

Age at
diagnosis Ff 69.08222 10.40461 | 2 62 70 77 103
4576 B 0 3R BL
Sex M 7] 0.52 0.50 0 0 1 1 1
Race/ethnicity

22.39 812 0 26 26 26 26
A&
Primary Site

342.18 2.10 340 341 341 343 349
WA 3
Histologic
Type ICD-O-3 | 8137.54 116.72 8000 | 8070 8140 8140 8940
JiE 5 7 AR 46 5
Grade 71t %

2.40 0.69 1 2 3 3 3
®
Laterality &

3.31 1.98 0 1 5 5 5
Al

B RIR T AR R

BT RAGEE S RIFZATH R FRBEFEERRAGHAR Y » RIFm %k
AT 258405 FRA6FERR > B R TR ERGARER - ARG y &
WAL 2 FFEE S FHER S AR $65 80% AR E > 20% ATAR &
BBMBEZF T XS TRAR T - 2 FNMEAFEREFIHMEL 3569%,™ 5 F A
TFiERE R 802% -

RN T T T
ARIEILT 6 AR GBRBEZEE F A @15 T HRRE - BEAAK
XGhoost ~ #IEE) 5F ~ X ¥ kA knn 89 F ik 0 KLBAELHBIFRFARER - 2
A7 R R & R BT XGboost 89 TR 4 R4t > AR T 82% © M £ %
MEROTAERRE AR 71% -
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R E R T R

k4 2 FNGFFEERAER

AR accuracy precision recall F1
A Train | (082458 | 0.7448621 |0.75977 |0.75224

Test 0.82062 0.73598 0.75231 0.74405

& AR A Train 0.85406 0.78565 0.80209 0.79378

Test 0.82439 0.74038 0.75823 0.7492

XGboost TraAy 0.85889 0.8091 0.79831 0.80392

flesh 0.82503 0.75801 0.75059 0.75428

# # ©) 57 Train 0.75416 0.65302 0.65718 0.65509

Test 0.75598 0.65313 0.65637 0.65475

knn Yrain 0.81184 0.7122 0.74913 0.7302

Test 0.73066 0.60058 0.62468 0.61239

EELAR K Train 0.85406 0.78565 0.80209 0.79378

Test 0.82439 0.74038 0.75823 0.7492

B R IR T AR
4o b R P 0 REAR AR 0 R R 0 XGboost 89 TERI 4 R A8 0 12 & H A0 FE R &
EBRAEREANE - MYUNSFNUOHARER > ARERB AN > R EHERR

% ° 125% recall #v precision #f & @ 8AK o £ZAE R F| B ARG ER -
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k5  AENEFEERMER
STAE R L& R Y > accuracy 2| T 093 ° LATAE A ERER > AN EH
G EL BB S ENMIEEER R A 8% ¢ B A TAR G I5E > &35 R B RIR
% » {2 recall #v precision ARG B L
UARRHERARARMAXEGGEETERABRANEZR » B EXARHE > &
RN AEHRMAE > eFREERERGE M AHERRELRRE - ATHR
Rl FH e 1 R AR+ BIL - RIS A SR T A4 - 38 184 18
R 75 F o 51847 T A BB RBRULEROBE - B 32 HAUFFGF
EAMBRAREEET » AR G RRELR

B Lo
0.8 »
N
A =N\
=2 N . 0.6 ~ ‘ N
B ARR
0.4
0.2
o0 == \
0 20 40 60 80

B 8 AEGE R BRI E R
B R IR T AR

RBET 0 AR 1918 A AR E 5 BA > accuracy FE % A #6938 o m
Vo 18 R A8 1918 A 214 ° accuracy R|KE X 38w o M recall * precision v F1 B|&
R At — AGAET A BEHEHE—% - w35 a8 50
18 B B > precision &7 60% @ F8RI& R & B 5 B accuracy & 3 0 12 & H AR 345
FEAZBAREY DU ° Ganganwar, V. 2012) PR A e R —E#HIEE @060 — B4k
AILEMIERA S > AIBARTFHEHIESE - T2V —EHENNEEERD > ™
Hiu$a b S8 MBERR P - ABHBEAT > »BRSERSEBELEREA
RAFEEREM > (2 K452 L > N BRR S EBEHERIRERENTLE > B4
JEHEREEMN - Rt INAFHEEERAET 8% » M MmERT EMLER -
sbr AXBIRT AFHFERGIAR - TXERRA 2 FH5ERBITINR
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VEEC TS e
AP AET ARG B ZERTHL  ARZGTHRABALEBL EHER
2 PHABBEMENEATREAERERNEL P EARE LT RMGZE R - %
FE Y B A S A AT AR A 69 $AR 4T 2 5 0 #K A SecureBoost B3 ©
BN EERA 0 BIF R BE — B 0 BT G AR ERAT AT I8 Fedrated Al
Enabler ‘& (& X #i#% FATE) #ATH @2 E - L2+ > &7 SEER &
PR 64 IR P RE 30 R AR BT 2 BOR AT R R GG B IR o AT AR IARIE FATE F & AT4R
B BIREBIATRA G T A H I EETRGENE 5 - HHEEIE 69 131336 £
B BRI IR 80%1F A2k & (£ 105068 £#45) » 20%F ATARIE (&
2,6268 £ I ) o MAFIRE 693 5 EHdd B 50000 £4F 4 host > BY ABAFRAM T,
M #| T 55068 £ & FAE A guest * Br A BIEIEA I - TARIE A A guest v host =
il
Jéki@A2 4 T (T 4% FATE BH X )
DOEIFBIBEA © R A csv 6 XA FATE A7 & K84 Dtable # R °
QAT D4R« MEHA > 3 A FATE B Te94a845 £ 3% 2 (DSL) #ih %
AR MREBELTHETLIHRE - HROFETEEEE

% =8

(data_io) * 45#t 42 (feature-engineering) ° E§F (regression) ° #-%&

( classification ) ©
QFfEEA BB IR T EE > REMEABR > & FATEBoard 474
XA MRAE °

% 6 B~ T #47 SecureBoost #2114 P & £ 894 F 0 L EFo R RE 6931548 £
AR RREP » ErEEEF] T 0863967 * M precision & 0.704097 °

* 6 SecureBoost & &
1A Auccuracy | Precision Recall F1
SecureBoost | Train 0.870403 0.696873 0.792348 0.74155
Predict 0.863967 0.704097 0.797848 0.74805
BORHRIR AR R IR
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Fateboard & 424t T ROC w44 T B Ao ©

tpr

0.8

0.4+

0.2+

0 T T T T v fpr
0 0.2 0.4 0.6 0.8 1

9 SecureBoost #£ A ROC # 4%
%k R ¢ FATEBoard

FEH EFHM T £ FATE F & 4o fT#& SecureBoost B4 > 345 T 34k &
o AEXVTOERA > NS FHMBFREHRANGR > B EHERAT
2 FMMMBEAERMEARE - £ETHT > RIVEH B AR B ZEEA B L FH
R RATILR

Frg AR D ARERKEEEBRER
WL T = 6 P ROBRAFHER  SULRARMHEEATTUAS
PR fefe TGS e R LA R A B R B AR R o HRG R T

*) 7 B Y Ao R ik B2 H R e

A Auccuracy Precision Recall F1
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Secureoost 0.870403 0.696873 0.792348 0.74155 0.870403

0.863967 0.704097 0.797848 0.74805 0.863967
XGboost Train 0.85889 0.8091 0.79881 0.80392
Test 0.82503 0.75801 0.75059 0.75428

BORHRIR R TR TE

BT EREMERRL  ROAABKEEE + 8 R K48 XGboost EATLLE © L RFF T F AT
B MER LA EMBIBE Y BIRGF THALE GRRIERH RIG - TRA > BHE
BA— TREETURRBIEN G TR A EIRE S 03 LFH  UEwE
FEGGTRRLEE FR 6y B PR 3B BE - R TRERZIN  RIR A LT AZLERRALE S
AR AE L > B AR GBI EOR 0 AR AR T B S e T
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FwmE

ABHFERARCERBOEST  FRBR2EAAHTRABERHREBNEZLOERE
Yo f AR AR MY BAE 09 B B 0 AT B S e BUIRAR R BAT AT HONR R 5] R T Rk 0 K
MRS T — AR ARIEIN S R AR X 0 @38 FATE B#AZEFE > B THERFER
B FRR B FHHLTHALEFREABEENINRER -  ERERABAZT LR
MR A DR 0 2R A2 — AR E L AfRIR e &) B S SRR g R AR T AR ey O v o

{BR R — ERELHPTERKR - BT AR AR B T7

1) FHRIRA LA % AL B L B E A RITIRE » UGB BB E IR © R
R 2E  HERR Ao B HE b L -

@ MLV HBHEXBNEE > TENRTENLA ARG o 2of7 B inf kit
B REBIRE R HR

(3) SEER %t F A 3 545 Ll 7 HE IR P] AR e X B HR > oo o A B W H fR IR
WIRAREE > THRHNZIHEAF & Re)F B o

Fr AR R T A E AR A R R EATIRST 0 B Ao ek B AT HIEIN B 6o 8k
R BAIMAIRBARAAWER D MACH AL B TR BB LR MA  BERR
TRAERBHIL BN  BHRBER LA ZIEETER -

AXRRA TROBAZEHHA > MARRA S FRGEBEA T > BEAL S o
Bt BATFFRATEAN  BRBIFE LS R BBRBIE G RATHE > RRA LT
BBl BRI AT M
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