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[ Abstract] Objective: To introduce net reclassification improvement and integrated discrimination improvement, and clarify
the significance and application of these two statistical indexes in the evaluation of prediction effect of logistic regression models
commonly used in medical research. Methods: Definitions of net reclassification improvement and integrated discrimination im-
provement were given with examples to illustrate the computation of the two indexes in R. We compared them with commonly
used indexes comparing prediction effect such as receiver operating characteristic curve, area under the curve, sensitivity and
specificity, so as to elaborate their characteristics in application. Results: In logistic regression models, net reclassification im-
provement and integrated discrimination improvement could quantify the improvement of prediction effect from old to new mod-
els. Estimated values and hypothesis testing results of this improvement can be easily obtained in R software. Conclusion: Net
reclassification improvement and integrated discrimination improvement quantitatively reflect the difference before and after the

model optimization, and have practical value. R software can

be used to complete the calculations.
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VAR LA A ) o DA 432 logistic [a] 0K
fo1], AU P8 S UG S 15, R O — R 514
FRAH G FE AR o AL ST Logistic [A] AL AT AT
DU RSSO GBS AR DGR b, THE R
IAEAS, HHT, Logistic [m] - 7E i PR fit 88 52 o5 XU
WFFE PRI 2 AR PR 22 25 5 1 A8 R S XU G
W52 OB DR I & b U A LA
Fe SR BB S At R ARG A R
JR R 3 LG R R i se 7
TESEBRITFE T, AR B P> Logistic BRI
INAGR A H A, 01 AN P A2 Wil ) LA, B e
TS PR 2R o 8 0 — 0 (8 2R R AR ) s B R )
TGRS AR, FRATH LA SRR Y R 7
W iR TAEFRRE (receiver operating charac-
teristic, ROC) ph 28" DL K i 28 F ifij ! (area under
curve, AUC) " 5@, Logistic [] 943 25 H R T 1
I3 PRI ] LA B RRRLA B B R U R
JE ER B AR TRAR A R — 2D R LA P
L N e AUC, AUC Z45 1 ROC i<k | fir
A FAE RSB BTE O, B S i 6 1) R
TSCR e AR I 12 Wil /Y L %
Sz o ABAESERR R R, AT H R TR — 12 W
ST BB MR 70 2R BE Ty X N AUC 5iA
2L FT 5 A, AUC [ BURPEA B I AS i, L0
B, Tlk i AR S B iR TRAT
U HT BRI LT IHA Y, X 4> 1A 1 0 A 2% ek
SN 2w S | T N RS 7/ vt 7/ g A |
£\ RPAS7 S [ 7 2 PR N0 N vy o N L A S
AER , HoAth FE BT IH SR U OR (19 7 VA AR AR 4R S
Hhiz i 2 152 Pencina $i¢ H 1415+ 51357 70 2848 5L
(net reclassification improvement , NRI ) £ %% {4 %< 7| 5

%4 (integrated discrimination improvement ,IDI) s

NRI AR TE 2 Wl s A, 18 1 25 500 F 7 A
JE AT R Y A8 A B0, A PR BT 0 2R Y
O, Ao HOBTRR Y L THASE R A 75 A ] 4 3 A4 S A
AT o3 B IERH LA BEAR , I 08 94 20 00000 ARE 4% 1) i 5
SROFITITT TDT DU 2 (57 T 34 1 8 00 MAE 3 2 {1 14 26
RPN B A O Y REE , 50 NRT I IDT B0 5
@ﬁﬁéﬁ%’ﬁ?[”’m'm i

1 NRIFIIDIEXEIHE

1.1 & AEEREM R
1 Logistic [l A RY rpr, fy [ 742 53155 000 AR
A Y PR R T FABS I, AT IZ MR R

BT 1A, ENJET 0 H, MARMRERER T 5, W
PLTAREREE (y = 1) ,0 REAEBHE(y =0) , Hif 3
AT AT LATA A TR0 AR 23 15 T iU I ISR 42
BTN Sy 28 2 ( S Z A5 00 Ry AN AR )

T2 S DU A% K AT DA R S
JE PR IR S — R YRR . RBUE N B A A
A TE A T Ay £ M 32, R S B R AN B 4 v
AR A T Ay i R MR, 296 4R B R A
JE SRR A 1,

T3HN MR SR T A B (AR TR A ) AR R/
A IR, 745 21 114 SR B0RE AR S B L 2R B i i AR 3X
FpAS A o i R P S B R ROC 2k, 11
5 ROC i1 T AR ) LIPS 31 AUC fH, B2 X %
SR 8 G [8] A P T B8 T P M 1 22 1
1.2 NRIF5%

DB AR B NRL 1T A 1 S 1
BRI EARS W R A T T s, 5 THRERLAR L,
FHBTAE RS i 000 235 SR A5 2 0 i ME R, A
FhgE 1 A 2 R R S AN e A S G R P 40
(#£ R 143 B LA NRI + F1 NRI - /1) . R xfF
NRI $5 80 T H3RAT PR AS [8] 18 07 2, — 2 4 70000 X
B AR5y i B i, R T RO diff s —
H XU WE 0] 23 S T X JA], R T RO catego-
vy Jiiko
1.2.1 diff 3 NRI 384 diff = NRI $8 50 D45 —A%
FRAE (EFRAZ AL N, T AR B SRBU) VE A )
DR 1 FL AR T 00 R 3 78 A R AR A, A A 1y i
AR T A — A {H, B 40 0. 02, WA Ry i%
AMATERTALT 00 AR AN TH A Y AR ] o A
AT AT -

NRI =P(uplevent) — P(downlevent) +
P( down I nonevent) — P(up|nonevent) (1)

R T AT B X AN A 2 FRATT AT 45 )5 Sy A6
I A S T AR D0 B9 R ), e ap | event F
down | event 43 3|27 R 21 P A4 R AT AR B )5 75
DUAEAAE B THRI T B i) R T8 (R 3822 1 1) s 2 ek
TREMBEANNE T %), down | nonevent Fl
up I nonevent F7R A L Y, AR ATRMR Y )5 13
D AIRE R T REFD_E TR I TR (B THRTT B L
VR , 353 0 B T 25 16 T8 & AR RS, 78 SE B
T, AT DA A LR A3 CTHA NRT 54K

#up_event — #down_event +

NRI =

#event

#down_nonevent — #up_nonevent

(2)

#nonevent
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HoAr#up_event A #down_event 4y jl| &7 R
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FHFIF R 5 SCIRIHT) , AH LY (4, #up _nonevent Fl#
down_nonevent 43~ 51| & 7 A £ 55 4 H 455 Y 3500 )
ABIRAER ETHATT BER B ETHRNT B 5 TR
i) o #event F/n B 4H A%, #nonevent /R A
TRHNEL

R A= CRT 1, NRI A8 0K, ) 5 TH A A A
FO , FERT AL AN A TC 18 AR & T i 4k 2 A
BRI B o 2 SE PR BT IR g 4H 51,
S5 R IEAR A5 LUBE o , TR R B 5 SR 4 5
R R FNBER (P (y = 1) ) B 1T, A R 4T
FHORA PR (P(y =1) ) EALT .
1.2.2  Category 7 NRI #54¢ Category 7 NRI $5%k
JeRE T KRS M 38 LI AR R R o R i
AR X, JF R T — D H BT 28R, H AR
REAL T F5 EH 53 28 B A [ BE AR X ] i 17 00, EA
KRR T 20, e B H R R
R 1% T ARE 3 T T 1) X TR] 28 S A5 B Ak 1 A
o AT LA 45 Ja) g S FUAS FE R RIE 5 S ], 24
AV — LB, iy T8 B E 2R R X []
TR T HE B R T R AL AR R
PRI TP ST RS PO 2 (W3R 1), Al & A X
(3) 315 NRT $54.:

#event, — #event, #nonevent, — #nonevent,

NRI =

#event #nonevent

(3)
£1 4% category i NRI ¥ B BTN L R E
WaER
Table 1. Reclassification Table for Category-Based NRI
with One Cut-off

Old model New model

Predicted probability <cut * =cut

Patients
< cut al bl (#eventl)
=cut cl (#eventQ) dl

Controls
< cut a2 b2 (#noneventl )
=cut c2 (#nonevent0) d2

# Cut; Probability cut-off.

2EENTC(3) M 1, #event, Fll#nonevent, 737
71 KR ZHFIAS B8 0 2L FROR IS 8 ST 1A i T AR Y
TMAE R A9 A (bl FI c2) , #event, Fll#nonevent, 43
I 7 KB 2L RIS R 9 2 PRI A 28 SO A 5 i A
AVTRI IERA B (el R b2) o #event IR B4
NEL, #nonevent Fn A BIRHNEL, AL, 1 T al,
dl a2, d2 J2& PR A T 1) ARE 23 DX ] A [ 1) 5 200

TEHE NRIAEB0N IF R 3

) ASXE A B, U I category ¥4 Y NRIT 5 455
TR R AR S R M 2 IH AR R R AU
RS BE A0 TR b A 2 T B R ) 249 8 45 KL
U2 MY ) 29 55485

SRIRA T E 2 A MR AT I, AR T g UG
ML) 7 A (7] 8 M 23 DX ] R 38 [F A 2 £
AU ARE S DX 8] SR AR [R] iy 3 43 5 =0, st s Fe A 1A
O BRI AL R A R 2H A A R IS HEE 5 7 20 A A
), Be b R A A B 22 4t B vh 72 XU A 30 i 1Y)
DX, A R 2 9 N B 22t B v 7 DR AE 239 A1 ) IXC
[F), PR A R AR 530 b ok F) RO ARE 8, A 1) 3%
AMPRITIN Sy 58 , ) L, A 500 14 AR BN, AT
T A S A B o By NRT S5 50524
AHPER G A (2) HIF, & s A 2250 -

AR HP#up_event Fll#down_event 43 | BN B3
SR BT B F5000 I Jv i A AR 3 DX ) L A 0 000 )
R D[] S 0 T e IR B, #up _nonevent F1
#down_nonevent 43 5I| F& 7R AN £ R FH AT AR B S0
Je J s AR 23 DX ) L T AR T 1) B 23 X 1] S5 25 T
e FHRRARR ) A, A 1) B8 0 2R 36 (LABOE 2 A
BEARAATAH]) W 2, Horp x1,x5,x95y1,y5,y9 &
AN ZE AR R RS . S2br B, 2250(2) e
Ab AR T s FHRRAR Y &5 SR A T 0028, A diff 2%
Hh T i AR AR AR P R A T AE 236 1) 2 (e
BUE HIMEARALAG A, 7 category 35 H TH i R IR /Y
T AR A i e AR 3R X TR SR 2 o T3 AL,
category I H B E — A E SRS A 1 T i T
A(2) MR S BE Z AR A ]
®2 =4 category ik NRI S AR BTN LR E
e S
Table 2. Reclassification Table for Category-Based NRI
with Two Cut-offs

Old model New model
Predicted probability <cutl [cutl ,cut2) = cut2
Patients
< cutl x1 x2 x3
[cutl, cut2) x4 x5 x6
= cut2 X7 x8 x9
Controls
< cutl yl y2 y3
[cutl, cu2) v4 y5 y6
=cut2 y7 y8 y9

# Cut; Probability cut-off.

1.2.3 NRI 35498 % 4% X T Category 3%
NRI 8%, Al DA A 2020 (4) TH 3R XY 2 fH, 5
i B4 NRT $5 50 2T 0 iy sekas ™) Hr#
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up_event . #down_event . #up_nonevent FI #down_non-

NRI

event B category I F A ZC(2) BN B985 X

Lgi =

(4)

4 #down_nonevent + #up_nonevent

J#up_event + #down_event

#event®

TiXFF diff /9 NRI $5%%, 7] & ] Bootstrap( H
Bly) 28 L0 LR ) A DX ) P
1.3 IDI $5%%
1.3.1 IDI #5425t &R % 45 %L IDI
M SRR A I B BCER R B R T RIS
WSRO , I H - BIME A8 R £ B2 S 1 B8 1Y)
BARMGERD . HHEAXT
IDI = (P

none»enl,old)
(5)

AT AT 235 J5 o0 BB AN HROR I IF 58 R ], Herp
Pt e AT TR XTI 2H T AT A A T 1R 05 AR SR
FEME L Py o A2 TEASE 10 5T 28 95 20 BT A5 4 1R %) 100
SETAEZE I ML, P vt mew A2 BT A5 TR AN £ 995 2 Pr
A AT E8 95 HE 2R B BAMEL, P onenent ot 72 | FVBE TR X6)
ASEBR L VT A AT S8 A 2R 1 34016

A AZR(S) 7 L& B, F F 7000 M 5 bk v ]
BE M ORI BEE , IDI F8 K0G8, P B B AR AU v ff
P EH PR H 2 A A BT S 200 B 48 ) M B BH A
Y BE SIS LIRS .
1.3.2 IDI 3% a9 M3% 48 IDI $550n] DA A
A (6) THEHX W 1) 2 {H, St &4 IDI 550 & %
T 0 BRI AG B, Hovhr, SE #event & M5 40

- Pevenl,old) - (Pnonevenl,new -

event,new

Pevent,n?w - Pevem,old E/\J*/T_\‘?Ei;e > SE#nOneVent j:E'E‘ E/(J %Z_\A‘%
ﬁzﬂ [:FI Pnonevenl,new - Pnone\'enl,old E,(J*/_]:\‘ ‘(ﬁﬁ o
IDI
Ly = (6)

(SE#event)” + ( SE#nonevent)’
2 ZHISH

A FACSPSS 8.0 for Windows S 144248
F5HE) ' i Logistic [8J 5347 2555 S0 il 2 4tk bk 0 200
L 0 s N R (Serh ] 14.3) o BRIt S
AN A SO A - X A B 67 I AR A 1 e
F AR T/ /mm® ) 5 X2 2 350 9 B2 285 43 % (AR 47
BRI 0,1,2 =2R) X3 30T G R A A
WEIAIT (A =1,76 =0) st REVG AR E IR, 4%
AR RIS R Y i AR R /N T 1 4R
(—4Fskbl b =0, —FEUT =1), ARUIZHKE
T A3 4 Logistic: [0 R ok ik £ 200 il 14 100975 —
AE RS E T AT B . B0 43 e N AR R

#nonevent”
SR SRR YN=E S N E T G =)
BRI A5 3 9, B 2 FE Y 1 [ 78 i Y
fili b bR YT AR I5 R A JC LR T, R A
S2J5 8 NRT &5 IDT X PR 0 S5 R BEA T A
1E R F 0] {fi ] nricens fi fl PredictABEL 4 7
Frapr it AR RACRS AT
HEE AT AT AL
#install. packages( " PredictABEL" )
# install. packages (" nricens"
library ( PredictABEL)
library ( nricens)
3 VAR RN T ER IR
opt. cut = function( perf, pred) {
cut. ind = mapply (FUN = function(x, y, p)
d=(x-0)2+(y-1)"2
ind =which(d = =min(d))
c(sensitivity =y[ [ind] ] ,specificity =1 —x[ [ind ] ],
cutoff =p[ [ind] ])
I, perf@ x. values, perf@y. values, pred@ cutoffs)
|
H#EE PR
setwd( " D:\\data" )
dat < —read. csv( " data. csv" ,na. strings = "#NULL!" )
LB
modl < - glm (y ~ X1 + X2, family = binomial ( link ="
logit’) , data = dat)
mod2 < —glm(y ~ X1 + X2 + X3, family = binomial ( link = *
logit’) ,data = dat)
prel < — predict( modl ,newdata = dat, type = tesponse’)
pre2 < — predict( mod2 ,newdata = dat, type = tesponse’)
predl < — prediction ( prel ,dat$y) ; prefl < — performance
(predl,"tpr" ," fpr" )
pred2 < — prediction (pre2,dat$y) ; pref2 < — performance
(pred2," tpr" ," fpr" )
cutpointl < — opt. cut ( prefl , predl ) [ 3 ]; cutpoint2 < —
opt. cut( pref2 ,pred2) [3 ]
pre_casel < — prel > cutpointl ; pre_case2 = pre2 > cut-
pointl
table(dat$y, pre_casel ) ;table( dat$y, pre_case2)
#{ii F nricens 1313 NRI $5%%
NRIa < - nribin(event = dat$y,p. std = prel ,p. new = pre2,
updown =" category" , cut = cutpoint2 , ni-
ter = 10000, alpha =0.05)
NRIb < - nribin(event = dat$y,p. std = prel ,p. new =pre2,
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updown =" diff" , cut =0, niter = 10000,
alpha =0.05)
#{di Jf] PredictABEL {4318 NRI 5501 IDI 5%k
reclassification ( data = dat, cOutcome =5 , predrisk1 = prel ,
predrisk2 = pre2, cutoff = ¢ (0, cut-
point2,1))
LERNE 3 k4.
*3 ETREXZER“BIVERSTATEF A& ST ZE
HEFSEE
Table 3. Predictive Probabilities of Two Models With or
Without the Consolidation Therapy Variable

Model 1 Model 2
Predictive probability <0.825 =0. 825
Death within lyear (n=30)
<0.825 8 21
=0.825 0 1
Survival >1 year (n=20)
<0.825 18 2
=0. 825 0 0

A 32 HRY BE A AR 0. 825, il i UL 5 R
BUTSM R ) ROC 2R, I B 24 80 45 Blrde KAE R
AIBERIRE A o AR C 20 5 I AR R, i)
25 AL IR . 2 3 A2 T =00 2 category 5
NRUFSEUW T B r 3. e ol 4 3 1 0 i€
(3) 315 NRI( category) , 45 R 53 4 Fp AP 10

x4 ETERER“BRULERT /AN SITRER IR

(AR . AN, 45 FLAR S N8 0 45 1 —4E N BT 5
RICT- 4 AR %" x5 R @S
NRI + il NRI = X1 ( BeAb LIRS ) o

HI 4 AT, IS RO B NRT 458045
H—F, nricens A AL IDI 1+ L5 SR
AR AR S 45 AR N Y B AT XA A 7 R
IRPREI A ot 4 AT, A 2 (0 A5 T
BRI AR SE 1 ORI A TCILENA T
FIASEIE ) A L, 45 3 A NRI 45 8081 1D 45 504 4 1F
B, BB 2 o 2R Re TR L Wl A
TCULETGYT ™ AR AN 7 A S 0 43 S ik ) 4
FLARGFAE Ab? DL category 32 NRI 5 50Ch 6], (K
0. 600, iAo AR 7 2 A X F AR 1, i — 4 P
SET-FIARFE T (1) A S A R T4 2 IE 6 7 i it 32
Z AR 0. 600 (R, HLARAS AT HL R SR o H A H
R ) P <0. 001, 25 BLEAT Gi it 2 7 S0 26
M, IDI $5 55002 0. 298, 150 B >R FIAR TR 2 A L F 17
L 7E—ENFET A (Y = 1) th i & & —4E e T
FAJARE 3R 24 (L 1) 48 1 2 I — AR RSB T 41 (Y =0)
T £ — A PN B T A SR A M 1 R AIG 2 R
0.298 , ULHABI Y 2 Tl 68 ) tL A R 1 2247, P <
0.001, AT WA SR BAG G275 Lo

Table 4. Two Statistical Models With or Without the Consolidation Therapy Variable

Software package NRI ( category) P NRI ( diff) P IDI P
nricens 0. 600 2.00x10 8 1.167 1.95x10°Y s s
PredictABEL 0. 600 1.11 x1078 1.167 1.39x10°7 0.298 2.93x10°°

NRI: Net reclassification improvemen; IDI: Integrated discrimination improvement.

% No corresponding results provided.
34 i

Ay s 2 B A b 228 P 31 Logistic [l A7k
X A AE AT TN . R UL RS FEREE 4
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T—ZZ MR, O AL (1 43 21 DL,
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] IDI $5%0f AUC BE & .

AR B ARES HT PR NRI S8 500 07 %
{E 2 S2B 7 FH 3 SR category 5, B 45 HE AR
TR 50 43 PRUARE 2R 1 ], 3 LABE AR R A 43 2 4R
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A S, BRI, 0B 2 56 ) ) 01 43 10732 1 43306 P
1 U, T BEh A PRl B T SR s o X R
A G, TTREAS A RIS A L SEE, B
PS4 Ve i/ I PR S B 4 i S TR, T
R R T E IR, R AL R,
AT REAFTE A B ek 1) 5 AT A NRI F850{d i 77
TERIBRRG o AT , (ERETR LRSI, T v 220 A 3
TR0 R 75— B, L A B TR L 3 T e S
ST 5, A AR TR AR T RO R T
TEAEAS T NRI Al IDT H8 55 A 1o Rt =% J& 9 A 75
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