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Abstract

The data of this paper come from 2064 cases of NPC in a Cancer Hospital of Guangdong Province.
We mine the data and predict the medical cost per patient. This paper studies the data through the
following four steps. First, we select the characteristics of patients’ age, gender, TNM diagnosis
stage and length of stay as the prediction variables. Then, we build the cost prediction model
based on the regression decision tree algorithm (CART). Then, two boosting algorithms, AdaBoost
and gradient boosting, are used to improve the existing model. Then, through the visual compari-
son and regression evaluation index, the effect of the prediction model established by the three
algorithms is analyzed and compared, and the best DBRT (gradient boosting decision tree) predic-
tion model is obtained, with the prediction accuracy of about 85%. Finally, the significance of the
model based on boosting algorithm is explained through the feature importance and partial de-
pendency graph, which provides a reference for the allocation of medical insurance resources and
the expected cost of a single case.
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1. 5

BRI ORI BT 4 0 T A BT R B AL B — 3R, BAE H BIE AT IR R A B SR 4 T
ANE BRI o T A R, ME LTSS RN B HETR YR TT R, A R T IR P A AR s
T A, B SIS B FH FR0NT e 37 BT ol P S AP0 B2 AN IR BT o L. H2, TR 2 R I sem,
BT T AT BEAN T BE R AR AL, U RS REIX SRR o AR ZE BRI Mk, sy i A2 b
AR (1) e FH B DAY T o Tz AT HE A 45 HR VR T O R SR LE I 0N SR T T AR 1) A

AT 1% e @ O — 8 7T, IE264E, Robert B. Fetter %5 A2 Hi ) DRGs (Prospective Payment
System Based On Diagnosis Related Groups) [1], BJiZWiHIG72E, HHERERE, B2 U95H A AN
BAEHEISAT T Ne — o EUIRGIH G IR, R8T B AR DL I RORE A& FFIE 1S (145
KZ, Royr i REAEl, 2 F SCH AT B 61 o3 B 5] — N 2H, M2 48— An e 297 TAS 2. X —J7
I G — S W dE B, R B i =S B A BRI A T N T B R A R T
T () B AT — S SR, M. MBI Ai-Jing Luo %5 A[2] [3] [41FF $e S SEB DRGs,  Ffxt 1
TRIGAHE AR S kIl FAES] [6] 715 NBHRAZIRHEOR MR 0 R, FRAE T8 1) LR

AR SO R B S MR R RS AT BRI, ARAE R VR T S R R R R, BT R SR
T ERT S (NPC) & MR 2 FH PR 8, FEI12H Boosting SLERHATIE AL BudE, & o R Re AL
ISR S, ABRYT ORI BT IR 1) 43 BO A0 03 ) 7l B 2 P 3R i 2%
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2. fmiktEg vt
2.1. BIEHALE

ARSCAL TR S R o S R T R SR R e, (R BRR R AR . AR SRR,
i B AR FEAT FUAC B o BRI, AR IS SO H g B B B B IR NIARIA S RS2 AR el
SETTENS AR EE AT T R AR BRI T RIREA . R ICD A%kl EERFAIAT =
FARUEZZIREAR(IZE 1 Fin). TNM - ibsdife . SRR IIgIEE &, B 23115 2064 BIFRAEC IR (8]

Table 1. Removing data out of three times the standard deviation

#* 1. KEAT=EREENERIE

FrifEZ FEIHE
M B i 168,842.4 244,894.1
M5 121,342 226,751

2.2. RS

2.2.1. EEXER
Xof B TR e 5 9 BCH R AT R PE SR 1, BARGE B I 2 2 (8],

Table 2. Basic statistics

2. EXIBRGH

T H e N/ON) A (On) 5 (%)
RS <30 212 153,781 10.27
31~40 480 160,551 23.25
41~50 740 170,860 35.85
51~60 492 156,222 23.83
>61 140 158,057 6.78
PR Lt} 1605 162,233 77.76
4@ 460 162,761 22.28
TNM 434 — 660 169,298 31.97
3 120 175,484 5.81
=1 528 169,177 25.58
Uy 752 149,461 36.43
AR50 4 144,164 0.19
YRITI K 0~1 4 1149 106,585 55.66
12 4 410 195,115 19.86
2-3 4 227 243,938 10.99
34 4E 138 277,088 6.69
4L 140 278,693 6.78

2.2.2. #LZFHIBIHIBFR
1E 2064 151 S W5 2B 2, B3R 1605 1], (IR BILEETT 77.76%, 2 460 41, S A

DOI: 10.12677/csa.2019.911237 2117 THEAURF 5 R


https://doi.org/10.12677/csa.2019.911237

wE %

22.24%. HHFERFSZAT RS EE S, BPIE 1, AR 2 A T X A)[41, 50]1%, AT ZRFTE 10 Jiot
FI] 20 3 I ) SRR A K8

(=3

(=3

(=3

2

()

<

(3

(=3

(=3

S

(=)

()
IR _
2 :
%‘Sg )
R o
& S -
~ 3

()

(=3

S |

(=1

(=}

N

o -

10 20 30 40 50 60 70
i/ %

Figure 1. Density scatter plot of hospital expenses varying with age

B 1. ErERMEFERTUNREERSE

2.2.3. TNM S HIBIBR S fRI1ER

MESIHE VB AN 73 AR 1 o0 AT, RISV B E 2 IR w A e, I H S W o I = 28
=L W, R 62%.

MERA TNM 73 58 B OC R, v —A 2 S B, i — 8% H g, FRAT T4 S 8
ZI G R R R B S R R AR — WA SE S, (EARRCT A VUBASE R G i, A7 iE B AR X
L, FRCMEETREER, R EZ(8].

2.2.4. EABERBLR R
1) BT B EE, 5B 78%:
2) BELZN 40 E 60 FIHIHFEZEN;
3) BFBNATT RAERAE 20 Ji A, Hodp AR S A AL R 2
4) Wi B 3TN S P (AN Y ) B

3. #F CART &Exp92 BT
3.1. CART [E3#4 s &% R 38

CART [m] U4 (75 BRI IE T fe /I — 3Rk . AR ZREUE B T AE BB S 18] o, 3 U s 4 A DX ascd)
G BRI X e A D83 P A, H e R SR o 4 i B AR D i DA S ()
D) b, LR D PRIV ZET 5170/ S« K-
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min = |[min Z (y; —c1)? + rrclin Z (y;i — c2)?

e “ z;€R1(J,s) : z;€R2(7,8)
AR Ty, WHEERYI AR F s s, kRl ERIERIRMER ool FEE (4, 8) .
2) B BESE R FEON (7, 5) R4 DX I v s A SE I S R AR -
Ri(j,5) = {z]zY) < s}, Ra(j,s) = {z|zP) > s}
Hrb Ry, 2 — A =00 R HON (U153 28 5 S L BUE) R 18 S8 itk — 2D 0T AR S 45 e R 5
) IR A 5 ) T AR (B VA 00 ) P L 45 A I RE A H4 4

1
Cn = — Z Yi, x*€ Ry, m=1,2

m 2, €ERm (4,8)

3) =00 AT XA RO ATPID . LN A ISR AR (BORRIR S L 25 sl i/ MEA R
HRESHRESE).
4) WA A PSER f(2):

flx) = Z émI(x € Ryy)

S BN BRI m NI R (0 =1,2,...,m) , Blm AN R (m Z) [8].
3.2. EF CART B3BBG

A 1E A Python 17 sklearn.tree 7 SZHL CART [AVFFUM , 237 HIl SR KIRE N 4 1) CART [RIJEH,
Z AT P IO S SR AT b, A3 R0 T B SRR A OB, B 2 Bl CART
FOET s AR T 1 58 3 75, XT3 IR R 2 P e e 1A s 497 ol 2k SR %

CART Regressor

® training samples
L ® n estimators=1
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Figure 2. Comparison between predicted and actual expenses based on CART

2. BF CART BERMIFUN &R S BT &R

4. E-T Boosting B X052 A 7N
Boosting ($2F+777%)/& Ensemble Learning 5% —38 . X AEVEM AR W 552 ST g 2 T N5 5
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oo RIZE ISR N SR — N5 ) 8%, B ARE L 22 ) S RIS I e AR A g AT 8, IRk
IR FIWRNRIIFEA, EZ G2 TR RIBUE, SREET B G RIFEASKRIIZR F— /MRS o188, — Bk
Hiktr, HBARFERECE. £ 2000 4447, Friedman )Lk 18 AR H Boosting S2:H I SZII[9] [10].

Boosting & FH I{I P Fh 77128 AdaBoost (Adaptive Boost)Fl£f & $& FF(Gradient Boosting). A & F— &
e HY L e 2 MR e 95 491 B ASBEAT G0 R B P TN, RIBTAS 30 A6 9 R LA %R A T H B A AL T
Horbr, UGN RS RIS R REAE 2 AR E, @V IFIGEM N RAEE, JEL
B CART Hi%. AdaBoost 5% B ERRTHEIERI TR . S REMSLE, SARIRER 4 Hi5%
#5709 300 KR EESR T SRR R I SR T

4.1. AdaBoost 3k [FIE

H1F CART PN ACR B Z , JATIE F AR B b (30 D7 2t A7 ik o B S e 56 T AdaBoost 5%
¥ 2% FH 70

4.1.1. AdaBoost B 3% BB

AdaBoost {1 A, Se MHIIEUIZREE Rl 2R th— AN 22 5148, FRARAE 32 = S8 I R I 2R 45 4y
AT R, S PTA £ ST E R AL EE &, G K55 KBl m] 5 R 22 /N B 2 ST B IOAUE, IR D iR ZE R
()5 2 > 2 IBUA -

4.1.2. AdaBoost B3k
Ny WHEE D = (z4,y:)m, HP, ze x TR IR, HEABIHT .
U
1) WA ZRAE AR BUE 53 A

D1 = (wn,...,wli,...,wlm),wli = l/m,z: 1,2,...,777, .

2) Mgkt =1,2,...,T.
a) A EA YR Dy M GREBIRE NI 2185 hy = £(D, Dy) s
b) IFEIGE L RIFEARR KR ZE:
E, = maz|y; — he(z;)|,i=1,2,...,m
THERR N FEAR P A X R 2
MR RGMRE, Mew = |y — he(zs)|/Ey
MRREITRE, Wey = (yi — he(z:))? ) Bf
IR RREGRZE, Wew = 1 —exp{—|yi — he(zi)| / B}
o) FE IR ISEUR £ R IR E R

m
&t = E Wi €t
i=1

d) 2 >SS IR R 5

Et

Q=
1—615

e) HHT IR MIFEAR A :
Dt+1 = (wt—i—l,h ey W14y - - ,wt+1,m)
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Wt4 1—ey;
Wiyl = 0 °
Zt

Hp, 7, RV 7
m
Zt = Z 'wm‘Oétl_eti
t=1

) ML S SR A&, 1B R A MR ST 4

fih: RFSIEE H () [11][12].
4.2. Gradient Boosting ¥ % [RIH

BT X%t AdaBoost B0 F A ABUR, il FEARTER AT ] BEIRIFROCELEE , R2mm 5 2% =] 25 1 Fi0i)
WERfE . 42 N K8 Gradient Boosting Sy E — 25 p43k i FH Pl AR AL
4.2.1. Gradient Boosting %%

FH Freidman & tH 146 & 32 7+ (gradient boosting, GB)ELVE[10], 7K FEH Bk B A 55 BIE kB A vk
Hm, NAF] GBDT $1y%:(Gradient Boosting Decision Tree). 1% %514 -5 B S0 T BRIk LU 7%, #
FH A7 2K B B0 10 A7 P AE A AR AR (R4

3 [3L(y, f(%'))}
0f(zi) ] pw)=fm 1)

AR 1 U ] R T A0 ) 5 22 B A ADMEL, L6 — AN [l .
4.2.2. Gradient Boosting B XL B
PN RRAZSE NG AR 1] [12]:
el (7% 4 €7 S
T:{(‘rlﬁyl)v(m2>y2)7--')(xN7yN)}, xiGXQ]R", yzengo
Hehn RFEHTEIN. BURREL(yY, f(1))
1) Wiatk

N
fo(z) = arg mcin Z L(y;,c)
=1 °

2) Mm=1,2,...,M.
a) X*i=1,2,...,N, it
@) p@)=pmsa
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b) X7, WE—AEIAR, BB m BB SXIR Ry, §=1,2,...,
o) Wji=1,2,...,J0, &

Cmj = arg mcin Z L(yi, fm—1(z:) +¢)
T € R j

&) FH fn(2) = 1 () + T emiI(x € Rpnyj)
3) 153 8] T4

. M J
f@)=fu(@) =D emil(x € Ruj)

m=1 j=1

o

4.3. ETF Boosting H3%H95% B UM

FA 18 FH Python ) sklearn.ensemble 437 X3 AdaBoost 592 GBDT Bk, &L U1 M2k
FH TR A A A .

HF AdaBoost Hik: LUOIRBEN 4 (1) CART [AIARAF NS I 4%, B 2148 300 AN, A>T
1, ik RECH linear B o

£ GBDT 5. URKIREEN 4 WRIARHE AR )88, B2% 2088 100 4>, % oJMERN 0.1,
KRECH s BREL

N THEAT P TN S S AT XS b, A3 BT 2 S AR - I EOS BEL, anfE 3, 1 4.

AdaBoost Regressor

° —
600000 . [ ] tramlpg samples
-‘ ® @® n_estimators=1
n_estimators=300
500000 l ° % ® n
[ ]
°
400000 - (S
- .
300000 w H
L J
200000 X
} (]
®
100000 { ®e
| e
o v Y y T T T
0 20 30 40 50 60 70

Figure 3. Comparison between predicted and actual expenses based on AdaBoost

B 3. T AdaBoost BIAM TN 5 ESL B AXTLL

Gradient Boosting Regressor

P —
® training samples
600000 - ® ® n estimators=1
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500000 1 @ ® s >
400000 1
300000 4
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Figure 4. Comparison between predicted and actual expenses based on Gradient Boosting

4. ET Gradient Boosting EARIFUN 2 A S ESL#EAXTEE
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5. FZE R 9t B
5.1. EMEZNEBANTNSERSASTEROEER

AT ELBF A RS T CART &%, AdaBoost 35, GBDT 0} i 2 B Wil () 45

BELW, B P S AT, = Rh S T S R A B BN A o G HAE 7545 H Boosting $32: 1 TN 45 B4 CART
SRR T S5 R B, HR GBDT SE R T 45 SR aoA B EL I 45 J 0 o A o 50 T B Sl
Boosting 55 T PN 2R A 7 B S 1 oot

CART Regressor AdaBoost Regressor Gradient Boosting Regressor
T . ® training samples i @ training samples L4 ® training samples
° @ n_estimators=1 o o ® n estimators=1 . @ n estimators=1
® ® n _estimators=300 n_estimators=100
500000 ° = L ° . s o nest
o _ o
o8 H] < g 3
400000 R
° ® H
. e
300000 [ ] L[] L]
. o @
200000 ° ‘ ”
-
100000 ?.. i‘:: Q '
. .
0 T T

Figure 5. Comparison among predicted results by using CART, AdaBoost and GBDT
B 5. =ZMESEER NIRRT EE

K 6 7EJET AdaBoost SiEAM GBDT SAM 2 F Tl 45 R 5 H B ELAEI T &I, RO Rl
DR BB I SR B (Ll ), 2 v T AdaBoost SUEMITIIAE R, ALt d ot T
GBDT SAR TINE R . W ARLL 0 il 2 S T H LB A 70 A, BI3E T GBDT S0 i T AR 9 RUR B
4.
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Figure 6. Comparison between predicted results by using AdaBoost and GBDT
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5.2. MERF IEER 5 MEVITFNIERR

AR @ 5 AN EAVEN RS, ST H =R BB . FindesI NIX 5 AR, a2
77 % B 22 V- 411 (Mean squared logarithmic error, MSLE). ~“F-3J4 X} 15 % (Mean Absolute Error, MAE).
18 468 %% % (Median Absolute Error, MedAE). #i5& £%{(The Coefficient of Determination, R%). fi#tHEJ5 % 7
(Explained Variance Score, EVS),

1) ¥J05 % #5727 Y8 (Mean squared logarithmic error, MSLE). HI-FASCHFiMMER K, B iR%E
AL MATKR, T2 K H MSLE RAVE 577 1% 7%

n, —1
. 1 samples .
MSLE(y, §) = ~—— > (n(1+y) —In(1+§:))?
samples i—o

2) P48 %7 2 (Mean Absolute Error, MAE) 238 Fiill{E 5 H 5248 2 6] P 218 .

1 7'7fsamples_1
MAE(y, §) = > 1y -]
TNsamples i—0

3) F{EZE%T R % (Median Absolute Error, MedAE)XT 54 {H A IR IF FOAS 2 1, el i FRE A A1 &
SEAE 2 T8) ZE 48 A 4o XHE A SR T 37 % .

MedAE(y,9) = median(|lys — g1, -+, |Yn — Unl)

4) 5E Z¥(The Coefficient of Determination)B[l R?, 3k s A B30 & R R A 1P . e KEUE A 1,
EEBARER AR Bk, RPEK, R ASURLr, BMTHEFEALBREN N, R %R
hn, TEEIEEEABERA SR, Rae ke s,

1o St (s — ;)2
ST (g — )2

R*(y, 9

1

— n —1
H/\ EP y — ; samples yl
7 Lsamples

5) %7 % 53 (Explained Variance Score, EVS) & H SRARERE RIARLIY 7 22 KN 4348, BUEIEREN 0
1, EVSHUR, Rox[HBCER LT .
~war(y —9)

var(y)

5.3. Z&TF 5 M EVITNERRE = MEETURBER & EL R

PAMEH Python 15 5 119 sklearn J& metrics BEHT 5 _EIR FANENETEANFEFR, = Fh S H00 28R 1 &
WEUEINE 3. £ 4 Fim.

EVS(y,7) =1

Table 3. Evaluation indicators of prediction models

F 3. Z MR R EIITFANHERR

R7S MSLE EVS MAE MedAE R?
CART 0.20 0.41 67,412.85 61,480.30 0.41
AdaBoost 0.21 0.55 66,946.16 71,903.27 0.53
Gradient Boosting 0.07 0.85 34,588.13 29,508.20 0.85
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Table 4. Evaluation indicators of adjusted prediction models

4. ZMFUMRBMI SRR

Lk MSLE EVS MAE MedAE R?
CART—AdaBoost +0.01 +0.14 —466.69 +10,422.97 +0.12
AdaBoost—Gradient Boosting -0.14 +0.30 —32,358.03 —42,395.07 +0.32

i ER P HEE A1, BAR AdaBoost Hi%k#E MSLE. EVS. MAE. R* W #64r BRI T CART
Hi%, {H AdaBoost HIEM CART SR TN R AR A2, HAUERCRBMCT 60%, BIIX PR EE 1) 7
Mg RS BRI AT . M GBDT BIEE M abs B RIZZ T AdaBoost H %A1 CART Hi%,
HUAMAIER T 85%, KW GBDT FIAMTN S R 5 WAL, 15 =FMEIEP SRR %4
WA L B WSS AR A -

N T RIS B FHTTAS Y & 5 I A, FRATT MBS AR L 20% FOREAAE R IREE, AR NZEAT T
RCREN I 5 2 BT 45 BT LU . 25898 5 F036 6 W40, GBDT (IS TEEAE] T 85%, 1EMK
S PLA ROR 83%. ST GBDT Sy v 1) 9% FH P AL B A i 045 o

Table 5. Evaluation indicators of prediction models on test set

5. HURENFHEN =M TR B ISR

R7S MSLE EVS MAE MedAE R’
CART 0.25 0.29 79,480.59 70,992.09 0.29
AdaBoost 0.23 0.57 71,578.61 74,328.32 0.56
Gradient Boosting 0.09 0.83 40,957.83 33,752.57 0.83

Table 6. Evaluation indicators of adjusted prediction models on test set

= 6. ZMHUMARBEIX TR S A R A

Lk MSLE EVS MAE MedAE R?
CART—AdaBoost -0.02 +0.28 —7901.98 +3336.23 +0.27
AdaBoost—Gradient Boosting -0.14 +0.26 -30,620.78 -40,575.75 +0.27

5.4. BRAMARB TR

TR I R PR PR R S, R DU A AR BN TSR . SRTAT, AR RRRLVE RS AL G AE H A B A
S oS0 N AR PR R AR TV 6 G AR AT T o AR ) DI I T SRR AIE B R R DA R s A A I, ok
ELW I MEFE F B Boosting FLY

54.1. FHEEERE

Friedman 7E 18 3C A 32 H A6 48 FH R SRR 48 i 572 (Tree Ensemble) A AN 435 AIE AE AR Y i B8 B B (1) 7 v
(8], fHTSEaF A B MR IE AR AY o B2 ROk 4l — T HRMEEZERE TR R B, JF4s th C L =Fh =5
A (R AR B

FAAS PR I G M RS AR E AT RHMIEE R M BT H TR TR E B,
AKBAR IS . FER ) 73 2 i P AT P RRAE B IR BOBR 22, Re A1 gl b B o G I T P 1 35 e AR )RR AR A
AT DA I B LV i B e S A S

FHIE @ 5 AR R v (1) B8 R R
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. 1 M
J? = i z_:l J2(Tm)
b, MR B R IR . RRIE 5 TR — AN RRE B
L—1
JHT) =Y (v =)
m=1

JR, L o— 1R T RO, vy FORTE A S AT 2 N R RRAE,  I7 R N
IER RSN

PR RS AR AL AL = RPN RFE ELERE AL, 3k 7 W =M SR R A L A1 e KL
FEBER B IR I By F AR AE, SRR A AT TNM 73 J0005 B i ik e

Table 7. Magnitude of each attribute by using CART, AdaBoost and GBDT
F 7. AMHEN AN E=ME L THHEEEIREE

Hik el e TNM 53+ fEBEXE VEIT R
CART 0 0.205 0.022 0.393 0.380
AdaBoost 0.017 0.293 0.049 0.177 0.463
Gradient Boosting 0.034 0.268 0.037 0.220 0.442
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Figure 7. Single partial dependency graph based on two target characteristics
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Figure 8. Multi-partial dependency graph based on two target characteristics
8. ETABIRFHER 2 B 2 Ak # =

1) TNM 73 1L J0R =39 04 55 4k S0 38 R A 77 26 K B 9 s

2) (EBEREORT 13 R, TwH i, WA AERBET R, Hrh = =8 XK
WP UTE ¥

3) NT 45 BiEE, RHRIERBIERMEZ @S, Hh =, =HREHERZCRELE,

DOI: 10.12677/csa.2019.911237 2127 TFENER S N A


https://doi.org/10.12677/csa.2019.911237

i3
B
48

MR BT OB, BERS ELOL R B AR AN AR AL T GBDT Sk WAL tp 2% ) H AR ek B, X2 7>

2T Boosting 5k LA H A B sl SFE B A 20T k2 —

24

i
FEAZITH BT B AR ALK 52 5 B 70 DL R AR ik [ B 0l v 2y - [ A VR 22 SO e E LR S50

Al 1% 300 H 32 2R ALK 2728 B By RGBT ZR I H ,  20H SRR R T BT BT 2R (0 5085, (4500
HATE RGeS DURAEAT . 5 B2 KL o0 H 480 TR A, R e SO S 52 1
VR W, AT H K SO HR IR A o

EHEWH

RIEKZZR EEROGHNZGIE , 28 AR & ORI 55 4:(2018A03031)

SE K

(1]

(2]

(3]
(4]

(10]

[11]
[12]

Fetter, R.B., Shin, Y., Freeman, J.L., Averill, R.F. and Thompson, J.D. (1984) Case Mix Definition by Diagno-
sis-Related Groups. Medical Care, 18, 1-53.

A, 4, 20, AEH, REH. T CHAID HiL MM E 7 53 DRGs @i 7L []]. TAEZLTH T, 2017(8):
29-32.
I, XIBRIE, BRAE. AR YeS BE T DRGs BB 2 BT, B EIR 2, 2014, 15(7): 38-41.

Luo, A.-J., Chang, W.-F., Xin, Z.-R., Ling, H., Li, J.-J., Dai, P.-P., Deng, X.-T., Zhang, L. and Li, S.-G. (2018) Diag-
nosis Related Group Grouping Study of Senile Cataract Patients Based on E-CHAID Algorithm. International Journal
of Ophthalmology, 11, 308-313.

SRl B FEYE BORE LT 2 e o (9 SR FE[D]: [ 22608 3], kAt JRRTHB IR E, 2015.

FAHE, BB, BIAR, TAKR. BRiadn o8 4 BB S b B BB FU LA )], BT IR AN, 2018(5):
114-123+9.

R bl AR 5 By KB AHER B RS A [)]. SRiPEid 5928k, 2018(7): 103-108.

W, NINERR, R, ZER . T IR 1 DRGs il B 7 —— LS B[], N 2, 2019, 8(6):
1121-1132.

Friedman, J.H., Hastie, T. and Tibshirani, R. (2000) Additive Logistic Regression: A Statistical View of Boosting. An-
nals of Statistics, 28, 337-407. https://doi.org/10.1214/a0s/1016218223

Friedman, J.H. (2001) Greedy Function Approximation: A Gradient Boosting Machine. Annals of Statistics, 29,
1189-1232. https://doi.org/10.1214/a0s/1013203451

M. G TTRIMY. dbat EER A ARAE, 2012,
BIIE, K. KEEZE S SIS M) dbs: R EARKF AR, 2016.

DOI: 10.12677/csa.2019.911237 2128 MR 5 R


https://doi.org/10.12677/csa.2019.911237
https://doi.org/10.1214/aos/1016218223
https://doi.org/10.1214/aos/1013203451

	Medical Expenses Prediction Based on Boosting Algorithms
	Abstract
	Keywords
	基于Boosting算法的医疗费用预测
	摘  要
	关键词
	1. 引言
	2. 描述性统计
	2.1. 数据预处理
	2.2. 描述性统计
	2.2.1. 基本情况
	2.2.2. 社会学数据分布情况
	2.2.3. TNM分期数据分布情况
	2.2.4. 对数据集的概况性描述


	3. 基于CART算法的费用预测
	3.1. CART回归树生成算法原理
	3.2. 基于CART算法的费用预测

	4. 基于Boosting算法的费用预测
	4.1. AdaBoost算法原理
	4.1.1. AdaBoost算法思路
	4.1.2. AdaBoost算法步骤

	4.2. Gradient Boosting算法原理
	4.2.1. Gradient Boosting算法
	4.2.2. Gradient Boosting算法步骤

	4.3. 基于Boosting算法的费用预测

	5. 预测结果分析及评价
	5.1. 三种算法对总费用的预测结果与真实结果的比较
	5.2. 对集成学习算法的5个回归评价指标
	5.3. 基于5个回归评价指标的三种算法预测效果及比较
	5.4. 费用预测模型的可解释性
	5.4.1. 特征重要程度
	5.4.2. 部分依赖关系


	致  谢
	基金项目
	参考文献

