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Tests of Normality

Kolmogorov-Smirnov® Shapiro-Wilk
Statistic df Sig. | Statistic df Sig.
Y].152 60 .001 .932 60 .002

a. Lilliefors Significance Correction
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Parameters Estimate | Std.Error | tvalue | Pr(>|t])

Nonlinear regression
A | 26.34854 7.62174 3.457 | 0.00104 **
B| 0.01867 0.01016 1.838 .0.07130
C|17.40874 8.46436 2.057 | 0.04430*

AIC(m)=305.95 | BIC(m)=314.33

Nonlinear robust regression
A | 25.32908 8.67304 2.920 | 0.0050 **
B| 0.02017 0.01372 1.470 0.1470
C | 18.50809 9.77990 1.892 .0.0635
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AIC(m)= 303.24

BIC(m)= 308.13

Simultaneous Tests for General Linear Hypotheses

A| 25.32898 | 8.67289 2.920 | 0.00398 **
B| 0.02017 0.01372 1.470 | 0.17533
C| 18.50822 | 9.77974 1.893 .0.07543

Signif. codes: ****’0.001 “*** 0.01*’0.05°0.1*"1
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Best Validation Performance is 1.935 at epoch 7

Train
Validation
Test

[any
(@]
N

Mean Squared Error (mse)

10 C L [ L [ [ [

13 Epochs

el 917 g el (2 7 dguid | plubdia! (£ +.)

Yol wlualadly 50l (8 dolasiw! iy oz dseill oMo (1o aSTl sy
e Laady adlsll Judad Gle Lpud gua ibiasy) g3kl 36LaS ulasg 3yallal)
Lol i z3laadl 2 elds (3 Uas (8% z3Laidl aady « 3dgell @ually 5al)
el alasialy Huall SISO gl tas slasialy pid syl 73kl a5l Awdll,
z3kd!

Jlzme B bl Jiadl uay il MATLAB zalsys alasial iy Cdgug
zabesd gudanll Jdodl ely 2y B wlin 3158T ity LeS lSatl ety coyus
ely2y dalisiwl AglSe) Bjan crasaty MATLAB zeliyy o clds suiazll lai]
ol wly Ao sall aaslally Apadadl daylall suall Hlu =¥l 73l Joglos
oAe Jssadl oy MATLAB ey e 58T Jisolatd an ol oISs )
www.Matlab.com

Y )



MM dugs yopisellg g2l aacl]  jajiJ] deols —o)lail| S3LIS gliaal diolel] dla|
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A A szl @3 MATLAB b alaadly

(Y = sim(net ,x) (4
Aetaall S gl plussinly $gemll od A Bl quddl Jias 1Y
A liba oY1

Ayl aSeadl Jiss net
N-3 g2 Loz My Al copurd Lealidin! @3 @ libed! Jias 1 X
g | SRI9 Gl il peili i 4 yWbI (V9-9)
LN Baalact) sl sl ¥ ulae mea!d Agdal) quall Clucs> sy
cliSy  Araall Kl iyl L) Lall MATLAB Jlgs @b e ailiazwdl
A wlgy 3y clgdall sda 385 Glus @ guamll Hla=i¥l Gsl R 7l
9 (Blsdl) 2alaall Bagall o L3all Al Gl e datad 2las) Luplie
o2 Al sda 8 Llasiwl @3 QAN el all o0 LS00 peazdl (e
SlazsY Jiles 3 el aiieiul gead cl3s < (MSE,MAD)

(NN 2pmatl w8t iy iad (MSE,MAD) mls e Jgpuasdl o5 aily
AW (1) Jsuz @ LS s ((ROD-Re grasdl jlaiyl clgaiss
Year Y Y(predict) MAD MSE

NN | Rob-Re NN | Rob-Re NN Rob-Re
1960 43.1 | 43.35211 | 41.61 | 0.252112 1.49 0.06356 2.2201
1961 44,1 | 43.34385 | 41.32 0.75615 2.78 0.571763 | 7.7284
1962 415 | 43.31596 | 41.03 | 1.184036 0.47 1.401941 | 0.2209
1963 43 | 43.22319 | 40.74 0.22319 2.26 0.049814 | 5.1076
1964 42.3 | 42.92872 | 40.45 | 0.628718 1.85 0.395286 | 3.4225
1965 41.7 42.118 40.15 | 0.418004 1.55 0.174727 | 2.4025
1966 41.2 | 40.54724 | 39.86 | 0.652758 1.34 0.426094 | 1.7956
1967 39.2 | 38.87102 | 39.57 | 0.328983 0.37 0.10823 0.1369
1968 38.2 | 37.91464 | 39.28 | 0.285357 1.08 0.081429 | 1.1664
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1969 37 | 37.55004 | 38.99 | 0.550039 1.99 0.302543 | 3.9601
1970 35.1 | 37.43317 | 38.70 | 2.333165 3.6 5.443661 12.96
1971 35.1 | 37.39785 | 38.41 | 2.297845 331 5.280092 | 10.9561
1972 34.4 | 37.38736 | 38.12 | 2.987363 3.72 8.924339 | 13.8384
1973 35.7 | 37.38427 | 37.83 | 1.684269 2.13 2.836763 | 4.5369
1974 35.7 | 37.38336 | 37.54 | 1.683358 1.84 2.833693 | 3.3856
1975 36 | 37.38309 | 37.25 | 1.383089 1.25 1.912935 | 1.5625
1976 36.4 | 37.38301 | 36.96 0.98301 0.56 0.966308 | 0.3136
1977 37.3 | 37.38299 | 36.67 | 0.082987 0.63 0.006887 | 0.3969
1978 38.8 | 37.38298 | 36.38 1.41702 242 2.007947 | 5.8564
1979 40.8 | 37.38298 | 36.09 | 3.417023 4.71 11.67605 | 22.1841
1980 37.5 | 37.38297 | 35.80 | 0.117027 1.7 0.013695 2.89
1981 37 | 37.38296 | 35.51 | 0.382957 1.49 0.146656 | 2.2201
1982 36.2 | 37.38289 | 35.22 | 1.182887 0.98 1.399223 | 0.9604
1983 36.8 | 37.38257 | 34.93 | 0.582567 1.87 0.339385 | 3.4969
1984 38.6 | 37.3811 34.63 | 0.781101 3.97 0.610119 | 15.7609
1985 39.8 | 37.3744 34.34 | 2.425604 5.46 5.883555 | 29.8116
1986 38.7 | 37.34382 | 34.05 | 1.356181 4.65 1.839227 | 21.6225
1987 38.8 | 37.20635 | 33.76 1.59365 5.04 2.53972 | 25.4016
1988 37.8 | 36.62562 | 33.47 1.17438 4.33 1.379169 | 18.7489
1989 33.2 | 34.69605 | 33.18 | 1.496049 0.02 2.238163 | 0.0004
1990 31.7 | 31.32484 | 32.89 0.37516 1.19 0.140745 | 1.4161
1991 30 | 29.03796 | 32.60 | 0.962044 2.6 0.925528 6.76
1992 26.9 | 28.28808 | 32.31 | 1.388081 541 1.926768 | 29.2681
1993 28.1 | 28.106 32.02 | 0.006004 | 3.92 3.60E-05 | 15.3664
1994 27.7 | 28.06526 | 31.73 | 0.365261 4.03 0.133415 | 16.2409
1995 27.9 | 28.05631 | 31.44 | 0.156314 | 3.54 0.024434 | 12.5316
1996 28.3 | 28.05436 | 31.15 | 0.245642 2.85 0.06034 | 8.1225
1997 27.5 | 28.05393 | 30.86 0.55393 3.36 0.306839 | 11.2896
1998 27.5 | 28.05384 | 30.57 | 0.553837 3.07 0.306735 | 9.4249
1999 27 | 28.05382 | 30.28 | 1.053816 3.28 1.110529 | 10.7584
2000 27.4 | 28.05381 | 29.99 | 0.653812 2.59 0.42747 | 6.7081
2001 26.7 | 28.05381 | 29.70 | 1.353811 3 1.832804 9
2002 26.5 | 28.05381 | 29.41 | 1.553811 291 2.414328 | 8.4681
2003 26.1 | 28.05381 | 29.11 | 1.953811 3.01 3.817376 | 9.0601
2004 25.7 | 28.05381 | 28.82 | 2.353811 3.12 5.540425 | 9.7344
2005 25.5 | 28.05381 | 28.53 | 2.553811 3.03 6.521949 | 9.1809
2006 25.7 | 28.05381 | 28.24 | 2.353811 2.54 5.540425 | 6.4516
2007 26.5 | 28.05381 | 27.95 | 1.553811 1.45 2.414328 | 2.1025
2008 27.3 | 28.05381 | 27.66 | 0.753811 0.36 0.568231 | 0.1296
2009 28.8 | 28.05381 | 27.37 | 0.746189 1.43 0.556798 | 2.0449
2010 28.7 | 28.05381 | 27.08 | 0.646189 1.62 0.417561 | 2.6244
2011 30.3 | 28.05381 | 26.79 | 2.246189 351 5.045366 | 12.3201
2012 31.9 | 28.05381 | 26.50 | 3.846189 54 14.79317 | 29.16
2013 31 | 28.05381 | 26.21 | 2.946189 4.79 8.680031 | 22.9441
2014 31.3 | 28.05381 | 25.92 | 3.246189 5.38 10.53774 | 28.9444
2015 30.2 | 28.05381 | 25.63 | 2.146189 4.57 4.606128 | 20.8849
2016 28.6 | 28.05381 | 25.34 | 0.546189 3.26 0.298323 | 10.6276
2017 26.8 | 28.05381 | 25.05 | 1.253811 1.75 1.572041 | 3.0625
2018 24.5 | 28.05381 | 24.76 | 3.553811 0.26 12.62957 | 0.0676
2019 23.4 | 28.05381 | 24.47 | 4.653811 1.07 21.65795 | 1.1449

Average 1.353 2.619 2.9444 9.015
(Rob-Re) ssaadl jaaiN) <l 5y (NN) dppeand) cilSpdd) <l 5580 (MSE,MAD) gl (V) Jgaa

L TYA )
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MSE
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(A) Gnko
M.\M_wl.) dd o) ¥ iaay §udidly Cvazet! Hluss] Cé}o.d pJL\lb,»_.Lﬁ.ﬁ @L’rﬁ

rm(list = Is())
rat=c(43.1,44.1,41.5,43,42.3,41.7,41.2,39.2,38.2,37,35.1,35.1,34.4,35.7,35.7,36,36.4,
37.3,38.8,40.8,37.5,37,36.2,36.8,38.6,39.8,38.7,38.8,37.8,33.2,31.7,30,26.9,28.1,27.7,
27.9,28.3,27.5,27.5,27,27.4,26.7,26.5,26.1,25.7,25.5,25.7,26.5,27.3,28.8,28.7,30.3,31.
9,31,31.3,30.2,28.6,26.8,24.5,23.4)
dd=c(1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,
30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,5
7,58,59,60)

boxplot(rat(

#DV=c(1,4,3,6,5,8,1,4,3,6,5,12,1,2,3,4,5,6,1,2,3,4,5,6(

# IV1 = factor(c(rep("A",6), rep("B",6), rep("C",6), rep("D",6(((

# 1\V2 = factor(rep(c("M","N"),12((

library(robustbase(

model = Imrob(rat ~ dd(

df <- data.frame(dd,r)

m <- nls(rat ~ I(a*exp(-b*dd)+c), data=df, start=list(a=max(rat), b=1, c=10),
trace=T(

summary(m(

AIC(m(

BIC(m(

mod=nlrob(rat~1(a*exp(-b*dd)+c),data=df,start =list(a=26, b=0.02, c=17((

mod

summary(mod(

fitted(m)

plot(fitted(m))

residuals(mod)

plot(residuals(mod))

AIC(mod)

BIC(mod)

## robust

mr <- nlrob(rat ~ I(a*exp(-b*dd)+c), data=df, start=list(a=max(rat), b=1, c=10),
trace=T)

mr

summary(mr)

coef(summary(mr))

residuals(mr)

plot(residuals(mr))

predict(mr)

plot(predict(mr))

AIC(mr)
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BIC(mr)

library(multcomp)

mcr = glht(mr)

mcrs = summary(mcr, test=adjusted("single-step"))
mcrs

## robust

mrc <- nlrob.control(rat ~ I(a*exp(-b*dd)+c), data=df, start=list(a=max(rat), b=1,
c=10), trace=T)

summary(mrc)

summary(mod)

summary(model)

#it# Effect of IV1

model.2 = Imrob(DV ~ IV2)
anova(model, model.2)

# Effect of IV2

model.3 = Imrob(DV ~ IV1)

anova(model, model.3)

library(car)
Anova(model)

library(multcomp)

mc = glht(model)

mcs = summary(mec, test=adjusted("'single-step"))
mcs

mc = glht(model,mcp(IV1 = "Tukey"))

mcs = summary(mec, test=adjusted("'single-step"))
mcs

plot(dd,rat,xlim=c(0,60),ylim=c(0,50))
fitl<-Imrob(rat ~ dd)

abline(fitl$coef,Ity=1)

opar <- par(mfrow = ¢(2,2), oma = c(0, 0, 1.1, 0))
plot(model, las = 1)

par(opar)

d1 <- cooks.distance(model)

r <- stdres(model)

#exponintial regression

df <- data.frame(X, y)

m <- nls(y ~ I(@*exp(-b*x)+c), data=df, start=list(a=max(y), b=1, c=10), trace=T)
y_est<-predict(m,df$x)

plot(x,y)

lines(x,y_est)

summary(m)
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(B) @<k
plaialy aellghl oY aes gially Amall AT coyun! zaliyy
MATLAB ;>

Ll ol oY uae jaiidly sl A aoyudd poa s %
_MATLABpj> af doiw Ly

x=[123456789 10 11 12 13 14 15 16 17
18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33
34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49
50 51 52 53 54 55 56 57 58 59 60 ];

y = [43.1 44.1 44.5 43 42.3 41.7 41.2 39.2 38.2
37 35.1 35.1 34.4 35.7 35.7 36 36.4 37.3 38.8

40.8 37.5 37 36.2 36.8 36.6 39.8 38.7 38.8 37.8
33.2 31.7 30 26.9 28.1 27.7 27.9 28.3 27.5 27.5
27 27.4 26.7 26.5 26.1 25.7 25.5 25.7 26.5 27.3
28.8 28.7 30.3 31.9 31 31.3 30.2 28,6 26.8 24,5

23.4];
n=size(y"); h= 3 ;

net = fitnet(2, "trainim®);
% net.trainParam.showWindow =0 ;

[net,tr]= train(net, X,y);
St gl oY aRe pady jdiIl %

yO=sim(net ,x);
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