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I3 Editorial page 987
IMPORTANCE Approximately one-third of children experiencing acute concussion experience
ongoing somatic, cognitive, and psychological or behavioral symptoms, referred to as
persistent postconcussion symptoms (PPCS). However, validated and pragmatic tools
enabling clinicians to identify patients at risk for PPCS do not exist.
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JAMA Guide to Statistics and Methods
Logistic Regression Diagnostics
Understanding How Well a Model Predicts Outcomes

‘William J. Meurer, MD, MS; Juliana Tolles, MD, MHS

Inthe March 8, 2016, issue of JAMA, Zemek et al' used logistic re-
gression to develop a clinical risk score for identifying which pedi-
atric patients with concussion will experience prolonged postcon:

cussion symptoms (PPCS). The authors prospectively recorded the
initial values of 46 potential predictor variables. or risk factors—
selected based on expert opinion and previous research—in a co-
hort of patients and then followed those patients to determine who
developed the primary outcome of PPCS. In the first part of the study.

the authors created a logistic regression model to estimate the prob-
ability of PPCS using a subset of the variables; in the second part of
the study, a separate set of data was used to assess the validity of
the model, with the degree of success quantified using regression
model diagnostics. The rationale for using logistic regression to de-
velop predictive models was summarized in an earlier JAMA Guide
to Statistics and Methods article.? In this article, we discuss how well
amodel performs once it is defined.

Figure. Receiver Operating Characteristic Curves

Meurer and Tolles (2017) 4




JAMA Guide to Statistics and Methods Hh*'5

The authors prospectively recorded the initial values of 46
potential predictor variables, or risk factors—selected
based on expert opinion and previous research...

In the first part of the study, the authors created a logistic

regression model to estimate the probability of PPCS using
a subset of the variables...

...in the second part of the study, a separate set of data was
used to assess the validity of the model, with the degree of
success quantified using regression model diagnostics.

Meurer and Tolles (2017) 5
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» BRERFAIES)L Clinical Prediction Models
» Binary outcome: O X5« v oEIIEES /L
» Time-to-event outcome: Cox[El/FEFT /L
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Zemek et al. (2016) 7
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» O X v o0RETIL
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McLachlan (2004) 8
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ZEEEIR  Variable Selection
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» All reliable variables associated with PPCS (P <.20) were
entered into a multivariable model using forward stepwise

binary logistic regression analysis (P = .05 included
but P=.10 removed). Zemek et al. (2016)

» ZemekSI(&L. ”Forward Stepwise” JE(CKDT. OZAFT A v
OLFETILDOEEDERZEITDOTLD
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“Parsimony” (DJRIE

> AESNEEH IR TERIPEZLINE UTESTILICHIFAD T
» “Parsimony” (D/RIE
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Akaike (1973), Mallows (1973), Schwarz (1978) 14
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Derksen and Keselman (1992), Steyerberg (2009) 15

StepwiseiZ=® Stopping Criterion

> BREMDIBIZEICK D THEZITOBRICIE. BRKE 5%HH
LBenNsdZ EHN—Hhgsy
> BRKESEDITSHELTHELIL (e.g., 20%, 50%7RE)
> B TIHAZXHNESNWERGFTTIE. BEKEZELU
IEBE 5% E) . FHIEREFEL D
> 220 BBVBEEUNSIERVWEENN®RD CEEHD
> AICKDBICDFDSHNSWVWET)LEIEIR T DUERH H D

» Ambler, Brady and Rosyton (2002) (&. AIC D{ERE%ZEEIDT
AP

Steyerberg et al. (2000), Steyerberg (2009) 16
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Univariate Screening
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Steyerberg (2009) 19

External Information OOF!FH
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EEODERZITD
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Greenland (2008), Walter and Tiemeier (2009), Steyerberg (2009) 20
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Austin and Tu (2004), Chen and George (1985), Sauerbrei and Schumacher (1992) 21

Bagging (bootstrap aggregating)

» Bootstrapt> 7 )LICXH LT (e.g., 1000 sets) . FEIEFIL
ZVER L. ENTENDTFHIDFERZ “aggregate” UZFHITE
TILZE KGR T DM FEZ DS E

> TNENDOFRETILICKDFRIDERZ [F159] UT. &
RERFROFERETD

> HIMFEBD7 Y TILFEE (ensemble learning) &UL\HON
S Yabiy
» Boosting&EWWVONDBHEEE (FIBIDDSFE S WVHRWVIIRD
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Breiman (1996), Schapire (1990) 22




Bayesian Model Averaging

» p BEDRAZEZEDERFT—4 D (CWL T, IRNTDHEX
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Pr(s|D) = Z Pr(5|M;, D) Pr(M;|D)
i=1
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23

Bayesian Model Averaging

> p MREVWEIRHESTILOEMEKRIC ! (e.g., 21°71024)

» Occam’s window : REDETILICEERT., KIBICEFTILDE
BHEZNNETNVETIZHSHUDEFENTD (e.g., BEMER
M. ”Best model” KD HB203D1XKBEDETILILIRIN T B)
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» FraminghamffFZADICAIRETI(E, StepwiselZX D EFLVF
BIMEEZRT CEBRSNTLS

Raftery et al. (1997), Wang et al. (2003) 24




Lasso (least absolute shrinkage and selection operator)

> XIER (BB4>) JLERELC. AR/ (S A —SDigxHBEDF NN —
TEDBELU T (CIRBD KD ICHIFZ DI IESIRLIEE®EITDHE

> HIFIDHIENRMEE (CKD . 2AE(CEFRET/INEHDIE
'EED

> —EPDEEE. E<HEINETN. SIETEEN (0] (Tixdfes.
BENCEEEIRDVILTVXALICERD

> =L —>32EER - BARATRICEKD T, StepwiselBidE
DIERDR I A — RIRFELDE., BNEEEEZRUIEE
WDIRES

Vach et al. (2001), Steyerberg (2000, 2001) 25
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> EOFEICHE—E—ENSGD., [EOETEFIL] IKRINTHD
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» UM U. FRHEFILOBNIE IEWFRBEZIEZERNRT D
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2TE5)L (working model) | THBEWDEXAS
> IEUWEFTILZERET D EFRBEMATEIRU
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Uno et al. (2007, 2011), Bagherzadeh-Khiabani et al. (2016) 26




JAMAODE{@J CJ: D Zemek et al. (2016)

» Emphasizing clinical relevance and face validity, predictors with continuous outcomes were
categorized or dichotomized.

» All reliable variables associated with PPCS (P < .20) were entered into a multivariable model
using forward stepwise binary logistic regression analysis (P = .05 included but P =.10 removed).

> BANERMERANZEMEZERUT, ER7DMACHIZFUART(E. A7TULEEU
<[FZfEfb=Nrz (Sullivan et al. (2004) DFEICKDB) &

» PPCSEARIEDEENSD D IeED (BHEEMT TP <.20) K5, Forward Stepwisel&IC KD T,
ZEEETIVICEDHDEHDEIREIT D= (P =.05 included but P = .10 removed).

» The final multivariable model included (1) age, (2) sex, (3) prior concussion with symptom
duration of longer than 1 week, (4) physician-diagnosed migraine history, (5) headache, (6)
sensitivity to noise, (7) fatigue, (8) answering questions slowly, and (9) abnormal tandem
stance (Table 5).

> RRNQSEEETIVICE. LD DOEHNEEIN.
27

Table 5. Selected Predictor Variables for of Persistent (PPCS)
at 28 Days in the Derivation Cohort*
No. of Risk Points
forPPCS o Odds Ratio (95%C1) P Value

Age group, y T

57 (] 1 [Referencel—

812 1 1540109219 wool
— ’ e URIZITDEE - FRIRD LT D

— : T — JZb(C. EREREHTITIELT,
N v — FTRET I ZBEIDIHHELIIREND

NO prior Concussion; symptom duration <1 wk 0 1 [Reference]

Prior concussion; symptom duration 1 wk 1 1.53(1.10-2.13) e
Physician-diagnosed migraine hists

No '9' = 0 1 [Reference)

Yes 1 1.73(1.24-243) 0oL - N
I ) B COHFRT[E. EELOHTTUICEIDIRS
R ; womie NPT EIC, BHEDZIT (0-12

e Error Scoring System stance = e = e —_

e | e ) ZFtBL. URORO7ZABEITS

oy e owdepteies 1 oo " & (Sullivan et al. (2004) DIFEICELB)
Headache

No 0 1 [Reference)

Yes 1 1.66 (1.11-2.48) o
Sensitivity to noise

No 0 1 [Reference]

Yes 1 1.47 (1.15-1.87) i
Fatigue

erenca) * There were 1701 patients in the
:; : i{::l ]”]45) <001 ﬂawalm(ntulp::(lnednlm Zemek et al. (201 6) 28
primary analyss.
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» $B (Discrimination)
» EFILNEUKEVRIDEEEZST IR EDFATEBEE
7
» BXIF (Calibration)

> ELNCHIFDANRY Mt I HROHETEIEZ IEHE(CE
BE - JIL—TCAID AN DHE

Meurer and Tolles (2017) 29

¥JB) Discrimination

> FHEFTILICKD T, AR hOREDEE ({0,131 DIER)
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» RYE Sensitivity, $EE Specificity

ZWFEE  Diagnostic Accuracy

B4R 3L Positive Predicative Value

P2 4R 32 Negative Predicative Value

BMEJCELL Positive Likelihood Ratio
» P2 LELL Negative Likelihood Ratio
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» FEE  Specificity
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_ # True negatives
b= # True negatives + # False positives 31

A TRIETILORRE - 15&E

exp(Bo + Prx1 + Poxy + -+ Iépxp)

Pr(Y = 1|x) = T - _
1+ exp(Bo + Brx1 + Baxy + -+ + Bpxp)
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Wilson et al. (1998) 32
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Ay AT ERME - FEEORERK

R WRE
Pr(Y = 1]x) > 0.05 95.0% 2.0%
Pr(Y = 1|x) > 0.10 90.0% 22.5%
Pr(Y = 1|x) > 0.20 75.0% 50.0%
Pr(Y = 1|x) > 0.50 70.0% 50.0%
Pr(Y¥ = 1|x) > 0.75 50.0% 82.0%
Pr(Y = 1]x) > 0.80 40.0% 88.0%
Pr(Y = 1|x) > 0.90 30.0% 95.0%

RBE - HBEEEQ. bL—RATOERICHD. &5
SM—=ARKELRBNE. BES—ANE<12D

UROZAT7DHRMARENE. By hAT
TEICRE - BREMRED

33

ROC (receiver operating characteristic) FAfE
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https://en.wikipedia.org/wiki/Receiver_operating_characteristic

ROCHRHRDEFIR

Fole<DOTESHDZE (e.g., I1 > &EKITFTTRNE

— [Roctoer T - [BEERDD) TE. FEEULVZEINYE]
[V L] . CORRCIIELTNBON, FEED4SEDRH
' #R (y=xDBEE) (C72D. TNLDHETIC< DROCHRFR(E.
. ye 1 TESHIREZEELDE. ZEHEENBNT &S,
-“ 1 —73C. DY MADDEICENDSY. BE - FHEENE
50‘7 Better ’,’/ B {5(:%(:1000/073\37_:(‘_’_3_5&\ ROCE'%]?(J\ qZEG)EJ:
N Dif%i83 Z & (T (Perfect Classification!!) o
ot - ALDCH. B - BRECSICBLC S, BETRES
e’/ - 1 — &DODEQI*E & ﬁ?igmﬁgﬁﬁ*ﬁfg_c 9, ClETrlz 5&)@%2“_"5}:’:

04 05 08
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DERMBEEIENC &(CIRB,
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https://en.wikipedia.org/wiki/Receiver_operating_characteristic




AUC (area under the curve)

1.0

. ROCHBFRODO T RIEFED = & ZAUC (AUROCEE) &
WS, OEDDIDERESH 1 DIEFSFDFEDHIC
ERESNDEIRIZOT, Hig L. ONS1DRE(CfE
%z EDERICIED.

08
I

TIZ5OHIRZHITHNIE, 45EDERICIRDDT,
AUC(30.50(C, FEERZICTHNE. ELCEYS
U < 2> D<ROCHHRICIRDFTRDT. AUC(F1(C
) 7::’:50

0.6
I

Sensitivity

04

. AUC(Z. ROCHEEZEB E(C. v RATICKSRRLN
2N —H— (RO7) OHREWREZRTER 1
DORXAT(CEHUIBE. C Hist=2

: : : : : : (concordance statistics) &HULS,

. Specificity . ‘ 3 7

0.2

0.0

AUC & Ut DE%

1.0 Perfect Classification!!

0.90-1.0 Excellent

0.80-0.90 Good

0.70-0.80 Fair

0.60-0.70 Poor

0.50-0.60 Fail

0.50 Equivalent to Random Classification...
< 0.50 Worse than Random Classification...
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AUC = Pr(4; > 4;|D; = 1,D; = 0)

> EEARHETZ(E. —HUE (concordance) DIEERRT
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» ConcordanceDIEXFMS. CHizt=&LL\VONd

Delong et al. (1988) 39
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Training Data Test Data
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K-fold Cross-Validation (CV) &

Training Training Training Training
Data Data Data Test Data Data
SAREFES>F AL, KBDEERT I Y MM K 38D D Training-Test DIAEDEINTT,
DT, IEEDIC. (K-1) HDOF—9%FBF—5 FTARFT—=FCLBDFRHETILOFREEZ
. BOD DT —IEFTA NS —HICTS FHBL T, TD#ETE & IeBDZE RN
TRAREDHEELTD

K = N (sample size) DCViEZ leave-one-out (LOO) CVEWLYD (MEREZDCY) . LOOCVIE. 5
EBRICELKBVNSNEN. T—FTY MIHRDUE UTEFRIBEDOHTEBIESNBDT.
K& 50r 10 BEICRETDCEMNEREINTLSD (Hastie et al., 2008) 43

Bootstrap/ \-f 77 AFHIE/E(C K DHEHIED

> 1. AUSHIVERICH T BHIBHSE 0 OREB% 0,875
> 6 (E. CRETERE. HERZITULZWIEER

> 2. AVUSHILEMMNSBEIOUY> TS T%Z4T0\, B #2D
Bootstrapt > )L ZVERR T D, TNENDBootstrap>T)L
(CX LT SHBIERR 0 DIHETEE 91 poot -+ I8 boot KD Do
[E#R(CLUTT. BfH®DBootstrapt > T)L TR SNIZENEN
DFHEFTILICKDT. AUZFHILERDI D SHLADFE
BT\, BENBEERE. 0, omig ., g org & T Do

Harrell et al. (1996) 44
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Bootstrap/ \-f 77 AfH1E/E(C X DFHIEQ

» 3. optimism® Bootstrap #HEFE= (.

B
1
A= E 2 (eb,boot - eb,orig)
b=1

E13D

> 4. AVZFIVEMTEUHITRDIE 0,,, HS optimism A Z
ZUSIWT. optimismZ#HIEUTZ 6 DHTEE(L. 0,5, —A &
AN

Harrell et al. (1996) 45

Bootstrapi:(C KB ZDMDFHIETFE

» Efron @D .632 HETFE, .632+ EE=

» Cross-ValidationdZ EDEX AMNS., US> TU> 0 EDH>
TILA - B2 TINDFT—SF TOFRIBIZEOHETEEZ AT
k&= optimism ZHIE UTCHEES

Efron (1983), Efron and Tibshirani (1997) 46
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Fig. 2. Differences between estimated and test performance in data sets K <1§Dntb\5b‘\ HR_ENR | )
with EPV = 10, according to some of the studied internal validation proce-
dures: apparent performance, split-sample validation on 50% or 33% of the

sample, cross-validation on 50% or 10% of the sample, and regular boot- " " " o
drapmlog Cross-validation, Bootstrap : /\-1 7 X, 1Z#:ER

EEGICEEE. 632, .632+ B, HIREIREET
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Steyerberg et al. (2001)
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“The Waste by Data Splitting”

Richard Riley ; »
3 @Richard_D_Riley &

Very important message and paper by
@ESteyerberg: "Validation in prediction
research: the waste by data splitting" -
amazing how often this is ignored in practice.

* Validation in prediction research: the waste by data splitting

#  Accurate prediction of medical outcomes is important for
diagnosis and prognosis. The standard requirement in major
medical journals is nowadays that validity outside the develo...
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Validation in prediction research: the waste by data splitting

Ewnu ]

In the absence of sufficient sample size, independent validation is misleading and
should be dropped as a model evaluation step.

We should accept that small size studies on prediction are exploratory in nature, at
best show potential of new biological insights, and cannot be expected to provide
clinically applicable tests, prediction models or classifiers.

Validation studies should have at least 100 events to be meaningful. In Big Data,
heterogeneity in model performance should be quantified rather than average
performance.

Steyerberg (2018) 49
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JAMA@%WU CJ: D Zemek et al. (2016)

Bootstrapping analysis (ie, resampling the model 1000 times) revealed a mean overoptimism
value of 0.01 (95% Cl, -0.02 to 0.03) and a corrected AUC of 0.70. In the final derivation model,
94.3% (1604/1701) of the participants with primary outcome data had complete data on all 9
predictor variables included in the multivariable model. The PPCS risk score derived from the
multivariable model (score range, 0 to 12) linearly corresponded to risk estimate. Three cutoff
points were selected to stratify PPCS risk (low risk: <3 points; medium risk: 4-8 points; and high
risk: 29 points; Table 6).

T— A RSy TFECELZEN (1000BIDUB>TUZTICELD) (CKDT. AUCOEKRHETE/N
177X (£ 0.01 (95%Cl: -0.02, 0.03) T3HD. {EIEEDAUCOHEEIE(L 0.70 T D1z,
Exi&8972DerivationEF )L TlE. 94.3% (1604/1701) DEEN. TR TDIDDEENBIEETNT
HD. EFILCEDHDZENTER. PPCSOYUR IR ATE. 0B 12(CRaA7{EEn Tz,
3DDAY hATH. PPCS RO DERUED =8 (TEIENTZ (low risk: <3 points; medium risk:
4-8 points; and high risk: =9 points).

Zemek et al. (2016) 50
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Table 6. Risk Categories for Persistent Postconcussive Symptoms (PPCS) in the Derivation Cohort?

PPCS Risk Total No. of Estimated Risk of PPCS, No. With PPCS/

Category Risk Points % (95% Cl) Total No. of Patients (%)
0 4.1(2.4-6.7) 0/6 (0)
_ 1 5.8 (3.9-9.5) 6/37 (16.2)
Lowrisk 2 8.3(6.0-13.2) 11/98 (11.2)
3 11.8 (8.5-17.8) 15/165 (9.1)
4 16.4 (11.9-22.4) 41/239 (17.2)
5 22.3(16.7-29.7) 71/289 (24.6)
Medium risk 6 29.7 (22.7-37.9) 90/299 (30.1)
7 38.2 (30.1-46.9) 96/243 (39.5)
8 47.6 (38.9-57.1) 80/172 (46.5)
9 57.1 (48.2-65.6) 58/103 (56.3)
10 66.1(57.2-74.4) 30/43 (69.8)
High risx 11 74.1 (65.8-81.5) 9/13 (69.2) 2 There were 1701 patients in the
12 80.8 (74.6-88.3) 3/3 (100) derivation cohort included in the

primary analysis.

Zemek et al. (2016) 51
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Calibration Plot
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Predicted Probability

Hosmer-LemeshowiRiE

cutyhat Obs Exp

1 [0.00611,0.00793] 0.002849003 0.007127305 oy -

2 (0.00793,0.0116] 0.018867925 0.010751633 JDYTI)I—TZ EMDObserved Frequenc_yt
3 (0.0116,0.0151] 0.012448133 0.014511585 Expected Frequency® 31| ZHEHI(CEHE
4 (0.0151,0.0183] 0.016483516 0.017894785 RISERE

5  (0.0183,0.0306] 0.019607843 0.026319190 L_{\_C‘ %ﬁ(t LTD r%ﬁ%d)&ﬁ.l,\J,EEJ\t I—:ﬁ
6  (0.0306,0.0395] 0.042553191 0.036340677 FILDSFRIESNTZSEE | ODTHHAERZIHNE
7 (0.0395,0.0686] 0.064516129 0.058820127 = -H\A S =

8  (0.0686,0.0874] 0.076502732 0.080337083 ShEsHi s SRTE

9 (0.0874,0.151] 0.131221719 0.122330135

10 (0.151,0.872] 0.274111675 0.278438755

J 12 RSN [MEOEEDOHHARC] BOT,

, N\ & —mh) P<0.05 CHNE.  [HEDEEDHEHEL

= L b (1-P) % (BENSE LS TLRN ) | EHEL
j=1 77 J ESEIR

Hosmer-Lemeshow Test:
P =0.951291 Hosmer and Lemeshow (2000) 54




¥ | Hosmer-Lemeshowi&RE
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Meurer and Tolles (2017) 55

Figure 2. Receiver Operating Characteristic Curves
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AUC 0.55 (95% Cl, 0.50-0.59)

0 T . . =
100 80 60 40 20 0
Specificity, %

Zemek SDIATRTIE. FRHETILEERL
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PPCS indicates persistent postconcussive symptoms. The area under the curve
was 0.71(95% Cl, 0.69-0.74) for the derivation cohort and 0.68 (95% Cl,
0.65-0.72) for the validation cohort.
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Censored Time-to-event Data A\DILE
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» Harrell’s Concordance
> Cy =Pr(BTx; > BTx,|T; < T,, T; < min(Cy, Cy))
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» Uno’s Concordance
» Cy =Pr(BTx; > BTx,|T, < T,,T; <71)
» 7 : a specified time point within the support of the
censoring variable

Harrell (1996), Uno et al. (2011) 60
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Harrell @ C #ist=

call:
coxph(formula = Survl ~ AGE + BMI + HDL + DIABETES + CREAT +
albumin + STENOSIS + IMT)
n= 3444, number of events= 395

exp(coef) exp(-coef) lower .95 upper .95

AGE 1.0439 0.9579 1.0319 1.0560
BMI 0.9740 1.0267 0.9453 1.0035 y . .
HDL 0.6168 1.6212  0.4506  0.8444 P Harreu S C-Stat]St]C
DIABETES 1.1494 0.8700 0.9113 1.4498 _— -
CREAT 1.0019 0.9981 1.0009 1.0030 _
albumin 1.4543 0.6876 1.2149 1.7409 —
STENOSIS 1.2545 0.7971 1.0053 1.5655
IMT 1.6329 0.6124 1.2282 2.1711
Concordance= 0.676 (se = 0.016 ) “ = -
Rsquare= 0.053  (max possible= 0.822 ) R ;C=(3:IE(|:OXE[1 D summary DA,
Likelihood ratio test= 188.3 on 8 df, p=0 CREtE63FENTNET
Wald test = 197.5 on 8 df, p=0
Score (logrank) test = 217.1 on 8 df, p=0
= e
‘ Uno®DCHfisTE (L. R: survC1TEHEEIEE ‘ 61

R example codes

> ULTFODURLMS, RDBFHII—RESI>O—-RIBZETE
x9
» http://www.ism.ac.jp/~noma/JBS2018_logistic.r
» http://www.ism.ac.jp/~noma/JBS2018_coxph.r
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True Status
Has the disease Does not have the disease
Positive True Positive (TP) False Positive (FP)
Negative False Negative (FN) True Negative (TN)
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SZ I DIEMEIE DR

» RE (Sensitivity)
> EREZBIDIEENEULSBECHESNDHER
> Se=TP / (TP + FN)

» HFEE (Specificity)

> REZBUTCWRNWEBENEUSEECHESN DX
» Sp=TN/ (FP +TN)
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IS IERERER - fElE R

> FHMERYIRER (Positive Predictive Value)
> B EHESNTEANERITIEEZE I DHEXR
» PPV =TP / (TP + FP)

» 2RI HER (Negative Predictive Value)
> BEHEHITESNTEANERICEEREZE SRV VHER
» NPV =TN / (FN + TN)
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SZIMTBE

» ZWTHEE (Diagnostic Accuracy)
» BE - IFEEZHEIE. 2L U TOIEHRIER
» DA= (TP +TN) / (TP + FP + TN + FN)

73

PHIELELE

» BSMELELE (Positive likelihood ratio)
> [BRENBEEHESNDEE] I [3EEREN GBS
HITESNDHER ]| OAME(ICRBINERITIBEZE
> LR, = Se/(1 —Sp) = Pr(T,|D,)/Pr(T,|D_)
> ZWEED (3% OHEZROIEC DI =DENE, B
BRI B IEE
> 1 THNIERSE - IFEREBEECICARE. 1 KDXEH
NFERBOREENIEL . 1 XID/NhSFNEECIETR
BDHEFEEZRDEDOIHAEN
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SELELD

» B2 LELL (Negative likelihood ratio)
> [BEERENREEHEINDIER] I [BEREHNEEE
HIESNDHER] DMFE(ICIRDINERITIEIR
» LR_= (1—Se)/Sp = Pr(T_|D;)/Pr(T-|D-)
> ZHMED 241 OHIEFRERDIEEZ DI =DENZE, 18Xt
BRI DIEE
> 1 THNIEERE - IFEREECICAEE. 1 KDKET
NEBERBOBEERAE <. 1 XD/NSIFNIEHEICIER
RBDIEHIBIZEDIFEFDHNEFL
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TELEDFEIR « R+ X DEHE

» LELEIE. EZIrEID “Prior 0dds” H'. EZME= (1D &IC
KD T. ZIIED “Posterior Odds” (C. {AMEZNDH\ERT
IBIE(CRD (BRERC(IHMEKTF LR EE)

Pr(D.|T;) Pr(Ty|D;) Pr(D;)
Pr(D_|T,) Pr(T.|D-) % Pr(D_)

Pr(D4|T-) Pr(T_|Dy) Pr(D,)
Pr(D_|T.) ~ Pr(T-|D.) % Pr(D_)

Posterior Odds Pri“\ér Odds 76




[ IE - BEIELE EEDAERR

Estimation Table [ edit]

This table provide examples of how changes in the likelihood ratio affects post-test probability of disease.

Approximate* Change Effect on Posttest
Likelihood Ratio in Probabilityl’!]  Probability of diseasel!2]
Values between 0 and 1 decrease the probability of disease (-LR)
0.1 - 45% Large decrease
0.2 - 30% Moderate decrease
0.5 - 15% Slight decrease
1 - 0% None
Values greater than 1 increase the probability of disease (+LR)
1 + 0% None
2 + 15% Slight increase
5 + 30% Moderate increase
10 + 45% Large increase

https://en.wikipedia.org/wiki/Likelihood_ratios_in_diagnostic_testing
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