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Abstract

In recent years, with the rapid development of health care big data platform, more and more
physical examination data are integrated into the big data platform. A new challenge is how to
improve the quality of medical services by using massive medical data. In this paper, we use ma-
chine learning algorithm to visually analyze 3,529,829 physical examination data of 45,374 phys-
ical examination users. On the basis of personal credit risk scoring model, the prediction model is
improved from gradient integrated decision tree to lasso regression model, which increases the
interpretability of scorecard. At the same time, combined with the application scenarios and input
data of physical examination, we established the health score model. The health index score basi-
cally obeys normal distribution, which is consistent with the prior hypothesis of the linear regres-
sion model It can integrate various physical examination indicators, objectively describe the
health status of users, reduce the communication cost between users and doctors, and urge users
to pay more attention to the overall health status.

Keywords

Machine Learning, Data Exploration, Lasso Regression, Score Card, Health Score

Copyright © 2021 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 518

€ “fERerhE 20307 MRIIZED) rhdeth, @b EE R EMNLL “YEem” ALl “RARmN”
AR EAR[L], RIS B AR AU (45 B A B RE , A B (AAS: 17 it B P IO — Fb SR 5
2016 4, [ 5EEENA (R T I AVE M BRI T S i R e I L) o SRR M B 2y T K K
7 [ % B L SRR o BRI, HL N TR R i SRAR R R T B A VR 2R AL, A A TR IR B 24 T AR
PR 3 1 55 70, B E R BT KRB N LA [2]. 3L LEE, BEE AR, =ik 5. KEUE.
POIER N S R R BRI R, BAIP L KORR B E T KB T &, R 7 — @8 =, BlR—1
ECRBEHE “0777 o ARk o N BOV BRI BRI T AL, — D5 A A e —, 53— Jr i &
EOR, magF LA 2. N RS HOR T BUZ R B4l 1 5 1 Fn iR BA BORRHM A & 2 ak . H
TR 30808 B AR S5 ) A A KR i RS 2T R L, A rh o IG5 R Z R R A o, U
FRUER D B 1) i AR 8 SCRA[3] s RIS 3 S50H 7 A, 21 SRAT (AR 205 R R ) ) IR K

SO R AP T BRSO T H BTSSR IT e, ASCOUHMIERIHR H— A TR
s, I NS 27 2] SR ST — ) AR SR ER ER R A A B O R A SR bR —— (e A 124 e 4L
A DL R B 2 Wk s B FH B B AR DG, AU R 2 (i RR IR, 255 I St B T e e 5o IR IR i A8
R 7 S A T bR (AR B AN S H T, WD R R S OO S & AR bn 2 18] O AR LI R
PTG R BN 2, W P @ R BRI 25, IR BT S MEARAE G iom, SR AR T
&, PRSI H 4]

2. BEFShAE X
2.1, HIEFKIR
AF R RIF ARG B BE, BEWANEHER, 2%)2& MEDICAL_DIAG_EXPORT2010 1 MEDICAL _
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INO_EXPORT2010, MEDICAL_INO_EXPORT2010 A& Hid %%, &A FdEicx 3,529,829 4%,
MEDICAL_DIAG_EXPORT2010 AfAfri2 Wi 53k, &6 dhiid s 202,203 24[5]. FIH Python f¥] Pandas
B IIE 340y Dataframe 463X, HOREAGO WL 1. % 2 k.

Table 1. Results of physical examination
= 1. SRS R %

LIk ESit] EISGE J=E
AN ID Int64 202,203
(SR Int64 202,203

PE5 Object 202,203

GR Int64 202,203

Wi AR Object 202,197
LR Object 202,203

Table 2. Items of physical examination

Fz 2. RIMBER

BIIES FAY E[SaS J=F
Ji N ID int64 3,529,828
PR Object 3,529,828
R Int64 3,529,828
T H 4485 Object 3,529,828
Ko 2 45 Object 3,469,105
S Object 2,019,933
T PR Object 2,279,112
ZWitRE Float64 587,979
2.2. HIETALE
2.2.1. BREKELRIE

kA5 S8 T 45,375 Bk & IR Ua s BEAT WL UL, BE BUE S Bk R AR L AR 2/3 I
Redbr, TR 102 Wifabs, FIIIAN “HES7 LR BHEIRR. SRR miss REsk, f <2k
B BB 0 BERE Ay “AgRE” , H “0” gmhd: 2SR AYECE KT 0 Ko “HE{@Re” . M “17 Ywid.
HAR o, XA ERERP By 25,543 1, ARfE AR B0 19,832 .

222 REELE

RS B RIZWhREME R R T, FAEDNIREE, BB .

AR REREE, WE 1 PR, AR 197 SRR, AP AEE . R 12 AR
W%, VIBHERR L)) VAR, (2, 16PX AN ERE X A AR D, Wi IEE A B AL, T ReH - 4F
K — S i e A m AR RN, SHEMERIB R T IR BG H I Est:, MA
kmeans SR T A AT IELL AL BB HILL, 4009 6 ANIXTH]: [0, 13.6], [13.6, 31.1], [31.1, 41.1], [41.1, 52],
[41.1,52], [52,65], [65,99], XtM4F# 0 FIFH_6, [FIAFHHE7 3 Xt X [k F4 (one-hot) g i kA & Xt %
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Figure 1. Distribution of ages image

1 FROmE

Table 3. Binning and one-hot encoding of ages

% 3. FIEDTE LUK Rk A ARED

RS X ] MRS [FRE_0, FRE_1, Tk 2, FkE3, Fhk 4, Fik 5]
(0,13.6] [1,0,0,0,0,0]

(13.6,31.1] [0,1,0,0,0,0]

(31.1,41.1] [0,0,1,0,0,0]

(41.1,52] [0,0,0,1,0,0]
(52,65] [0,0,0,0,1,0]
(65,99] [0,0,0,0,0,1]

RIS, R —MRKBUE R B NMRHIE, P70 BTV 2/ D IBUE S X AMRHIE 2 Ao,

I x TR JRA IE S RUAFAE (FES), BBULIE IR0 9 3 ML 6,,6,,6, » 73 M FTBUE S 5wy, w,, w, BE4T
#, WAXQ), MAESHEEAEINREAE, FEC 7R E RS R AR E PR .

p=wx +b—> p=wo +w,0, +wW,6, +b #(1)

2.2.3. IEHETELE

B R PRI S IR R B ALY, e BB TREBR” X —AMEbe, 0 ARRIER, 1 REMIL,
2 REMmm, MEE R DNRIE SR NTER, A EJE T yME, [FRE T BT S0 A 2 i
(one-hot) DAL AL FE . AbFR S5 “ BT IRIBR” X —F BBy 788 3 41, Wk 4 Finsr il “HET
[EFR_IEH " “HIBFBR_AR” “FIEsFrmp_m&” .

Table 4. One-hot encoding and expanded columns of taxonomic variable

T+ 4 HRTEMARMRIDY BT

JRA “BIE T IRRR 2y e AL [BIE T IMBE_IEH, B RIBR_S, BIE T R
0 [1,0,0]
1 [0.1,0]
2 [0,0,1]
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SR I TACRR S5, $REU) —oniZ4EAT &N 180 .
2.3. LASSO [E]y3#8

LASSO (The Least Absolute Shrinkage and Selection Operator) 5] 952 — £k 4 [5] U1 () 4 i 7 2= (AR 1E
MIfk), K a1 R AR — E R X IR [7]. LASSO [BIA RS SR AERN AT A5 FE H R AT AR
e AN ST 2% FE R BE DTG O AR B L 2k i) I e R RS R ) Ge ek 58 . [8] Huang %5917 H
LASSO M 150 ZAMImpRFE bR e th 24 NSOGB AR IF LU TT K IFIRAIE TSR A S CT MlilmpR fa R
DRI 2R 2 26 BRI AL, T Tl 25 B s AR T ok E2 45 2 A% 10 XU . LASSO 1) 32 B AR R AE Bk 22~ T Al s
TETT R ECRBRBIALE w,, DAESR IR A ALY, iR RHIER Ik . RIIRAT/E LASSO [HlH i 2k iR
BOEBRIN—AMESI YT (w] s mBFEEARANEL n REHENEL AR EREL | (W) 2

()= 5 (5] A2l 2

LASSO [l =52 7R 7 R RHAR i AL A oy A R AP AR R BRI, 45k 22 P07 AT 2 AR/ ik,
—EHR RN R SEEE RN 0, AT LU Ak AR b B A 2 IR PRI, L RE
B B R B FEE 7 S b s (i R AR RE M1 D0 o
24, BERIEEIRE

5 < i PRS2 o) AU T S N A FH KU T 23 R ABL, A g BRE A0s [m) A5 75 S0 20 5 28 ) A A A R ] e e

PEo (EREMANEEE b, R A br B se B R id s B A b, B S HUG IR 2L, SEnE &4

A LASSO [EEHEEAY A5 VSR o BRIAEAN NS RS VP 3 AR R [10] AR BE il b, K T ASE Y ey s 52 B8 At

PR Ay LASSO [BHEAAREAL, BEANPEor R AT AR 1, [ 25 G A 1) 2 S st R N 3880, @A
RV A . VRO R ME ZI LN 73 (A Score 7Ry b 20 4 2 ik 1

Score = A—B*log(odds) #(3)

Horb, ADNAMEE, B ONZIRE, HSONHEL

odds = —P— #(4)

P=WX; +W, X, + Wy X5+ +W, X, +b=WT"X +b #(5)

Horr X, R S B AE bR, p i LASSO SRR, BUATEHIO, 1], FnA-@RErIME .
FINIBL RS R % PDO, R4 odds (AEAE: g FR L) A fis i) IR, 43 % Score + PDO:
Score+PDO = A—B*log(2*odds) #(6)

wETHSH A, B, MW, 53

PDO
B=—— #(7
In(2) )
A = Score, + B*In(odds, ) #(8)

odds 9 HEYE R/ LAl i HLERAE{ BE/ FE L, 7535 odds = ;ziji —0.776416 . J3 T ¥ KB4 95>

HBRHI7E 100 20 LA, In(odds, ) = —0.253066 ¥ B A #E 7y Score, =70, PDO=20. ARARAK(7) (8)7F%!
A=62.698, B =28.854.
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3. R
3.1. MELER

LASSO [a] I8 70Y [r 1| 25 75 B 3% 1E AL 240 alpha. 1F LS $im, REALE B 3 1 &2 24 P fg
G, RIGEFEEBAC, HIRIMAERE. SIS E N, SRS E . ASCHA scikit AL
Lasso CV (Cross Validation), 7 10 #72¢ X4k Hh 4k H 5 ££ 1) alpha = 0.0003433.

R B BGERL T 32 MR R, TATE % 32 MK Fabr N BEFe Eum e+, [FIRHER T
150 M EBAR ARG SR R, B 2 B 7R b 10 A 55 2 1 A d BERF AT 10 AN 5t 2 2 () i A 1L .

Coefficients in the Lasso Model

A

o

HEBEGLU)_mA

W E AL(APOAL)IE

Z IR0 i (HbcAb)
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Hih =BE(T6)_i
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Figure 2. Coefficients histogram of Lasso model

E 2. g EE S E

B 2 AR R AL TS iR K AR SRR H M, SRR, 1P, AR R A R TR
HARbR, i AR CBIRERA ALK “ARAEEEE” AN CHM =R, XL AR LIS
AR &5 2 3BT, T RS, READT EL 7 R AR T H PR bR AR A I o

Table 5. Physical examination item record and health score prediction of sample users

5. mHIRFERIBICRAMER S TR

FI M AE oy AR R gﬁﬁﬁg HJRBC L R ?gigfi il R BREN Fﬁf‘; e
Foaw mmeen) w0 amen crop BT Smomar)  seeos LM 4
N T " T Mtk [tk 535
B & 47 i M # T Bt B 728
C w48 i W Ew e W EE M Bt Bk 670
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Table 6. Coefficients of three physical examination items
= 6. =M B MIEARIE

TRR R bR BUE

y AR B kB (GGT)_FA -0.0358
y A KR (GG T)_FA T4 0

R 2 M B L EL T B R -0.0022

IR i B AR T IS 0.0036
A6 25 PR T 2 1 L e 0
HM=f8(TG)_IE# 0

HI=ME(TG)_K -0.0312

Hih=B8(TG)_mi 0.0153

MFE S R, RTS8, AR T R AR AR 22 0 TN B o AR A AR [ X TR
PRI T BRI AR, & 6 R=MAKRIUH P A RO E, IEEARIMERER IR R, 7En
RS, XM K. 5 R e AR, 38R S [F) AR AR 6 A o A B £ 1 47 T 5%
Wi, FAASKE, HP A =007 R AR b S EOU IR B B, RN 7 (om0 “Heliit” b
EMAIE T = I bR R e 2 8] FRTIER 2R o

Table 7. Diagnostic results for the sample users
= 7. PRI EESERE

i L
A Jig s JH
B x
C b5

1 8 WP AN AS RIS e By P AR DLPP - BRI 2 B2, o E P AL T rh g4, R0k 9 ors,
ZH PR R TR AR SO (HbeAD)” “IRYEAZR C7 A1 “BIRSFIRIBR” J& TR E 4
XHMEFRARbR, R BTz E e X R 724 70 % 29.5 7r o A D I SR H 4R bR “ IR R &
IR FENRE A0 bk ES 20 7 0 38 ” AERR rp OB 2 R B AR X B, DR A B 23 v T [R) — SR I B 1 8
e 78.9. FT LA e/ B AMAE Rl — SRR B 2 7], A AN R SR i B 2 Ta) o AT L2 U b S et P )
R RREAR DL«

Table 8. Physical examination item record and health score prediction of sample users

= 8. ROIR PR RIER R RS

F v ety CITROIUE e pomeme compme RAk% C T RBC MABAR HEMBEAE PIETIE [H5

(HbcAb)
D %« 26 B 1 1% 1EH 1EH H 1 1 85.9
E % 73 [KERES EH S ] Btk FR 23.6
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Table 9. Coefficients of physical examination items

9. EIRINE

(LSRR B
L Z LA (HbcAb)_BE T 0.0283
JRYEEZR C_RH 0.0364
ISH B el it 0.0201
2% 5 M 26 71 LT A1 0.0036
RS 5y 2B 0

3.2. WALTAALE
3.2.1. #=BLE

MR 1 FATRIFRE S AT G LSO, BTG ESSA0, TAT IR 30 M s
H i R 7B AN E B3 BT ROIABAT T AR ERF & IR0 . AR R Z BENLER A B IR R, vk B 40 Xk
B R A I e e T O BB s BRI A TR BA[12] [13] [14], % 5E HEER B AT ST A B B AR B 0 SR
R KEMS R B35 FIBENLAZ EAR T, A BRIl T IES oM. T B R i 45 30
R PV A BT . R AR KR R AT SE R R & p IR IERS 0 A, TAEE] 3 1, 4
R A (KT 30)FRE A i (=5 1 100) N o5 bL#f b, K2 B fd e 7 B0 R 55 (75 Ao Aq), ik BIEARTR &

BRI, FFE AR AR ) S50 B e

10 o e B in, AR REAOBAR, RBL T Ak T DU IS 7 ) AT (AR DL TP -

3.2.2 HERILLE

XFELIEH] PCA (FR 7 20 #r) [151M et I3k, PRIERAS I E s o~ FE R RSB B A2 TR A 2 R4
o T RAHCHE LU 2347 fi B DAL ) SEE B 1) AR 6 L o ARFAE AR B A/ AR A& A A ] PCA BEATRRZE, PRI

XEASE A A IR, AT AR TR bR B A2 (182 4Y), AE A PCA 2r .
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Figure 3. Histogram of score distribution
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Table 10. Interval statistics of health scores
= 10. ERSXESGITR

B EUN T BB Sy b Rt AHAE L
0~10 32 0.07% 0.07%
10~20 135 0.30% 0.37%
20~30 516 1.14% 151%
30~40 1109 2.44% 3.95%
40~50 1947 4.29% 8.24%
50~60 4627 10.20% 18.44%
60~70 10398 22.92% 41.35%
70~80 16340 36.01% 77.36%
80~90 9420 20.76% 98.12%

90~100 382 0.84% 98.97%

100~110 2 0.00% 98.97%

X EG R XGBoost H 1 [E] JARE Y, AR PEAN $8 bR S TIONAE (1935 77 1% 22 (MSE) » HoHb n AFEAR AN,
y R USSR,y RO . MSE /N, D6 TR R A S I LA S AT PR R

1 ~\2
MSE = HIZ:];VVI (Yi - Yi) #(9)
23t 10 18 XEHIE, e 19 BIAS FINLAS 2% IR Al FH 350 07 2 Vo ok 11 Fiow

Table 11. Scores for different machine learning models
= 11, REMSEZEIJEEITS

Y W iR%E
LASSO [a] 452 0.23480
U Al Y AR A 0.23496
B AR T U SR 0.23501
BEATLAR K [ 4 0.26548
SR R 0.29774

Hort LASSO [m] Y5 AL 15 K G m A HE B 0 D0 T JARBRE Y , 1522 A (R B0 L R T iR S R R A2 B
BEAT EENEHRF[16], FEAS A4 AR A BERE A A e AT SO R 4, 10 LASSO [8] A R ) SR 28 i D
AR AR /AR e B, T AR AT

4, &Eig

AT A, £ NERVES FARIER B4R T M2 T LASSO [HlVA i fi T 0% 7 . i
RERER RS B, AT ) LASSO MR fh A8 5 J 4 AR T AR B st i 1 AR B, SRR AR FE AN
[ EPE A, DRI AT DUHE B R P A B AE R R, £ NS PP B2 2R . £ FEEHLARA
(17155 5 IS % ML s o ST 0T L, LASSO [ YA A5 78 F) Foami s sy 3 £ (A KR et 4R 3R I S 47
(]I T2 AR TR T LS G 1 AP R A T bR AR A0S R PP 23 IO RE I . SRR 45 SRR W I B4R B R KA b 2B
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LA, FFEEPE PR A I . B BR S ARR A AT DONE IR AR B B A
SRR RER DAY, K B PRt — DN S H B TE AR, R AT [R] B2 A2 A i B A
B P SN ORTE Sy AR B AR R BER DL KT

AR AR PP o H B A AL T X BEARRAENE , (R A SO AEAE LT T el — S0 R
B ARG RERRAE R 22 P IR0, 75 AT DL 0 12 W 7 288 i 45 38 SE M AR 1 A it R A e 50t — M
e s AR R A 5 2 D A (R L, 7 BERE 20 o M AT e o Gl SRR N s it A
SRR AE R 2 45 S RN VE AR, 2 — DT TR E A

E&ME
[ 5RO F K 4304, 4 o 202010884213,
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