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F2: FAATE o] 83100 x k% 55 A A (M)

ML Bayesian
Scenario k M Mean SE MAD Mean SE MAD
0.90 121.972 124.155 1.024 10.917 122.116 1.021 8.705
1. 0.95 129.444 132.600 1.312 14.811 129.767 1.295 10.946

0.99 145.951 151.256 1.990 23431 146.670 1.938 16.641
0.90 165.916 160.128 1.974 23725 155.606 1.797 18.353
2. 0.95 188.333 179.814  2.565  30.701 172.931 2.273 24.753
099  237.853 223302 3970 47.844  211.206 3.390 39.037
090  209.861 203.383 2987  38.800 198.099 3.362 33.950
3. 095 247221 233779 3942 49315  225.068 4.364 47.443
099  329.756  300.925  6.218  74.389  284.644 6.681 78.173
0.90 171.972 173.719 1.077 12.903 171.278 1.019 9.366
4. 0.95 179.444 181.747 1.401 16.694 178.436 1.321 11.994
0.99 195.951 199.482  2.150  26.867 194.250 2.022 18.253
090 215916  214.829 1.959  26.885  211.702 2.127 21.816
5. 095 238333  237.170 2525  36.043  232.861 2.743 27.905
099  287.853  286.522  3.866  56.007  279.603 4.176 42.676
090  259.861 252929  3.014  36.850  246.341 3.313 33.289

6. 095  297.221 286.439 3912 47.7718  277.158 4.295 43.646
099  379.756  360.467  6.030  72.366  345.235 6.567 68.683
090 271972  274.925 1.080 11.984  272.403 1.074 8.519
7. 095  279.444  283.520 1.384 16.295  280.175 1.379 11.528
099  295.951 302.508  2.086 24563  297.343 2.081 17.878
090 315916  317.368  2.327  26.115  315.372 2.584 23.095
8. 095 338333  340.139  3.002  34.375  337.462 3.358 30.397

099  387.853 390.443 4545 51407  386.262 5.118 47.978
090  359.861 359.692 3312  43.801 357.304 3.846 36.496
9. 095  397.221 396.018  4.244  56.807  393.180 5.022 47.259
099 479756  476.266  6.406  83.835  472.436 7.710 71.055

AEl 2 19 235 F40 R AR A AT glo] AL E
M2l SES] 7k MADO| gho] S7HE & 4 Atk 55 =71 90% <
Al- L k1229 A o Al UERE Z10] 3, 55 = 7H95% A Al 2 2F 129

AR o A e Aol oF 146W L A3}

1247 o) A VEFETL, 55 E7F95% 2 Al WL <k 1338 A of] A

Hom, 5557 99% A2 o 15S1R o A JEbE S-S FAd
T Atk AlvE]l 2 13 Al UE] £ 49 SE 313 MADS] s A E T,
M2l SE 33 MAD 312 0,00 thafl A S A =t 2 ¢
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3 EACHGELEE o4 AuF AR Y| FHAT (T =50)
Scenario Parameter Truth Mean SE MAD
0; 0.2 0.163 0.005 0.056
1. 0, 0.8 0911 0.010 0.200
03 10 9.831 0.358 2.071
04 1 2421 0.159 0.748
0; 0.2 0.153 0.006 0.066
2. 0, 0.8 0.898 0.011 0.200
03 10 10.334 0.633 2.531
04 3 4.408 0.313 1.619
01 0.2 0.148 0.007 0.073
3. 0, 0.8 0.858 0.013 0.200
03 10 12.743 0.685 3.771
04 5 6.653 0.559 3.167
0, 0.2 0.157 0.005 0.058
4. 0, 0.8 0.876 0.008 0.111
03 15 15.308 0.225 1.980
04 1 2.538 0.193 0.763
0; 0.2 0.158 0.006 0.063
5. 0, 0.8 0.877 0.011 0.200
03 15 14.864 0.534 3.060
04 3 3.953 0.223 1.512
0; 0.2 0.137 0.007 0.079
6. 0, 0.8 0.872 0.011 0.200
03 15 16.153 0.776 4.059
04 5 5.491 0.303 2.697
0; 0.2 0.160 0.006 0.057
7. 0, 0.8 0.836 0.007 0.070
03 25 25.037 0.241 1.482
04 1 1.697 0.151 0.957
0, 0.2 0.141 0.007 0.075
8. 0, 0.8 0.846 0.008 0.085
03 25 25.589 0.363 3.036
04 3 3.796 0.247 1.854
0, 0.2 0.139 0.008 0.100
9. 0, 0.8 0.841 0.009 0.096
03 25 25.809 0.488 4.302
04 5 4.893 0.269 2.705
& 9.
#[e [ vb7IA 2 A 2o 12 24 60,,0,,03,042]

3 2 7H52] % F(mean), L Z}(s-e), MADS] 23E A g3 A
olty. E[Me] Ao ABBZETr=1,...,5000] ©2 Aho] T % [l
t=1,.,50°] W& AFE ik AU e 1S 7FoR AR
o A e 2 2, Aue 2 37 nastg e 0, =19 A7) 6, =3,5
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Abstract

Modelling of The Learning Curves
on the Binary Responses

Seulji Lee
Department of Statistics

The Graduate School

Sungshin Women’s University

When worker repeatedly performs same operation in the field, operation ef-
ficiency is improved by accumulating knowledge, experience and skill in
regard to work. Investing time at an output is reduced by repeating same op-
eration. This phenomenon is referred to learning effect. A learning curve is
a graphical representation of the changing rate of learning. In a prior study,
when the cases were accumulated, researcher decided rapidly decreasing
point on his experiences. Because it has problem how to decide proficient
point, it is difficult to fit a model. In this paper, we focus on a statistical mod-
elling of the learning curve for binary data using CDF shape. For estimated
the parameters, we use a Newton-Raphson method and Bayesian method for
the estimation of parameters and Delta method for the approximate mean
and variance of probability. We carry out simulations to described the char-

acteristic of proposed model. We analyze one radiologist’s performance of
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stereotaxic core needle breast biopsy of non-palpable lesion with Lim et
al(2002) using proposed method. Through simulation, When fixed decision
of inflection point in learning curve(03), the lower the fluctuation of learn-
ing curve(0,) the more stable 63 and 64. We can get 100 x k% proficient
point. In real application, There is no difference between Lim’s result and
our result. Our result exclude subjective researcher’s view. In our study, It is

useful method for objective modelling.

Keywords : binary response, learning curves, cumulative distribution func-

tion
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Appendix

I. SAS syntax

VAR = B Y
$LET thetal=0.2;
$SLET theta2=0.8;
$LET theta3=150;
$SLET thetad=30;

/x2 2T s YE eI e 1T JTMEE PY macrox/
$macro gen (thetal,theta2,theta3,theta4);
data pt_logi;
do i=1 to 500 by 1;
p=&thetal+ (&theta2-s&thetal) « (1-cdf (' logistic’, (i—-&theta3) /&theta4,0,1));
output;
end;
run;
$mend;

%gen (&thetal, &theta2, &theta3, &thetad);

/*data set 2FE 7/
data x1;

do x=1 to 500;
output;

end;

run;

data rand;

set pt_logi;

array y[200] x1-x300;
do i=1 to 200 by 1;

y [1]=RAND (' BERNOULLI’, p) ;
end;

drop p 1i;

run;

data simul_logi;
merge x1 sjsj.rand;

run;
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/*proc model®: 2 ©°[2 T T 5 F T/

$macro Logistic_Fit();
%do i=1 %to 300;
proc model data=simul_logi;
parms thetal=&thetal theta2=&theta2 theta3=&theta3 thetad=&thetad;
xbeta= (x—-theta3) /theta4;
p=thetal+ (theta2-thetal) « (1-cdf (' logistic’, xbeta,0,1));
xX&1=p;
if x&1i=0 then e=1l-p;
else e=p;
loge=-2xlog(e);
errormodel x&i ~ general (loge);
fit x&i/ OUTALL outcov OUTS=fit&i OUTEST=fit_e&i maxiter=30000;
bounds 0O<=thetal, thetal<theta2, theta2<=1, theta4>0;
run; quit;
$end;
$mend Logistic_Fit;

%$logistic_fit ()

IL. R syntax
BEI A

Parameter <- matrix(c(0.2,0.8,100,10,0.2,0.8,100,30,0.2,0.8,100,50,
0.2,0.8,150,10,0.2,0.8,150,30,0.2,0.8,150, 50,
0.2,0.8,250,10,0.2,0.8,250,30,0.2,0.8,250,50),
nrow=9,ncol=4, byrow=T)

True.Pr <- matrix (NA,T,nrow (Parameter))

tT Y
for (j in l:ncol (True.Pr)) {
True.Pr[,j] <- Parameter[j,1l]+ (Parameter([]j,2]-Parameter[j, 1]

* (1-plogis ((l:T-Parameter[],3]) /Parameter[]j,4]))

Randoml <- read.table(file="Randoml.txt",sep="\t",head=T) [,1:200]
Scenariol <- read.table(file="estimationOl.txt",sep="\t",head=T)

Estimatl <- as.matrix(Scenariol[seq(0,199,1=200)*5+1,2:5]

Fitt.Prl <- matrix (NA,T,nrow (Estimatl))

#3239 %

for (j in l:nrow(Estimatl)) {
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Fitt.Prl([,j] <- Estimatl[]j,1]+(Estimatl[j,2]-Estimatl[]j,1]
*(l-plogis((1:T-Estimatl[]j,3])/Estimatl[],41]))

Covarial <- as.matrix(Scenariol[-(seq(0,199,1=200)~*5+1),2:5])[1:800,]
Varial <- matrix (NA,nrow (Fitt.Prl),ncol (Fitt.Prl))

#392 PW (Information matrix)

for (j in l:nrow(Estimatl)) {
Q.vector <- R.vector <- A.vector <- B.vector <- C.vector <- D.vector
<- E.vector <- matrix(NA,T,1)

I.matrix <- matrix (NA,T,10)

for (i in 1:T) {
Q.vector[i,] <- (Randoml[i, j]-mxFitt.Prl[i,j])/(Fitt.Prl[i, j]
*(1-Fitt.Prl[i, 3]))

R.vector[i,] <- exp((i-Estimatl[j,3])/Estimatl[j,4])

A.vector[i,] <= 1-((1+R.vector([i,])**(-1)

B.vector[i,] <- (1+R.vector[i,])*=*(-1)

C.vector[i,] <- ((Estimatl[j,2]-Estimatl([j,1])/Estimatl[j,4])

* ((1+R.vector[i, ]) % (-2))*R.vector([i, ]

D.vector[i,] <- ((Estimatl[j,2]-Estimatl[]j,1])* (i-Estimatl[],3])
/Estimatl[j,4]**2)* ((1+R.vector[i,]) **(-2))*R.vector[i,]

E.vector[i,] <- ((2+«Fitt.Prl[i,j]-1)+Randoml[i, Jj]-m* (Fitt.Prl[i, J]**2))
/((Fitt.Prl (i, ]+ (1-Fitt.Prl([i,J]))*=*2)

I.matrix[i,1] <- E.vector[i,]*(A.vector[i,]**2) #[1,1]
I.matrix[i,2] <- E.vector[i,]*A.vector[i,]*B.vector[i,] #I[1,2]
I.matrix[1i,3] <- E.vector[i,]*A.vector[i,]*C.vector[i,] #I[1, 3]
I.matrix[i,4] <- E.vector[i,]=*A.vector[i,]*D.vector[i,] #[1,4]
I.matrix[i,5] <- E.vector[i,]*(B.vector([i,]**2) #02,2]
I.matrix[i,6] <- E.vector[i,]*B.vector[i,]*C.vector[i,] #I[2, 3]
I.matrix[i,7] <- E.vector[i,]*B.vector[i,]*D.vector[i,] #I[2,4]
I.matrix[i,8] <- E.vector[i,]=*(C.vector[i,]**2) #13,3]
I.matrix[i,9] <- E.vector[i,]*C.vector[i,]*D.vector[i,] #I[3,4]
I.matrix[1,10] <- E.vector[i,]*(D.vector([i,]*%*2) #104,4]

I.inform <- matrix (NA,ncol (Parameter),ncol (Parameter))
I.inform[1l,1] <- -sum(I.matrix[,1]

I.inform[1,2] <- I.inform([2,1] <- —-sum(I.matrix[,2])
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I.inform[1,3] <- I.inform([3,1] <- —-sum(I.matrix[,3])
I.inform[1,4] <- I.inform([4,1] <- -sum(I.matrix[,4])
I.inform[2,2] <- -sum(I.matrix[,5])
I.inform[2,3] <- I.inform[3,2] <- —-sum(I.matrix[,6])
I.inform[2,4] <- I.inform([4,2] <- —-sum(I.matrix[,7])
I.inform[3,3] <- —-sum(I.matrix[,8])
I.inform[3,4] <- I.inform[4,3] <- -sum(I.matrix[,9])
I.inform[4,4] <- —-sum(I.matrix[,10])

if (det (I.inform)>0 & min(diag(I.inform))>0) {

I.inverse <- solve(I.inform)

Variall[, j] <- (A.vectorxx2xI.inverse[l,l]+B.vector**2xI.inverse([2,2]
+C.vector**2+xI.inverse[3,3]+D.vector*x*x2xI.inverse[4, 4]
+2x (A.vector*B.vector*I.inverse[l,2]+A.vector*«C.vector*I.inverse[l, 3]
+A.vector«D.vector*I.inverse[l,4]+B.vector*C.vector*I.inverse[2, 3]

+B.vector*D.vector*I.inverse[2,4]+C.vector*D.vector*I.inverse[3,4]))

Mean.Fitt.Prl <- as.matrix (apply (Fitt.Prl,1l,mean))
Empl.Conf.Fitt.Prl <- t(as.matrix(apply(Fitt.Prl,1,quantile,probs=c(0.025,0.975))))
Asym.Conf.Fitt.Prl <- cbind(apply (Fitt.Prl-1.96*sqgrt (Varial),1l,mean),

apply (Fitt.Prl+1.96*sqgrt (Varial), 1l,mean))

III. Winbugs syntax

Model {
for (i in 1 : N){
y[i] ~ dbern(p[il])
plil<- thetal + (theta2 - thetal)«*(l1-(1/(l+exp(-(i-theta3)/thetad))))
}
thetal ~ dunif(0,1)
theta2 = dunif(0,1)
ol <- 0
ol ~ dbern(cl)
cl<- step(thetal - theta2)
theta3 ~ dunif (0,N)
scale ” dgamma(0.1,0.1)
thetad<-1/sqgrt (scale)
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