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Fig.1 Age-length heteroscedasticity diagnostics result for small yellow croaker

a is box plot of age-length relationship; b is plot of sample size and length variance in relation to age; c1, c2 and ¢3 are model 1,

model2 and model3, respectively.
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x1 RAEMRAZEEMEKER 1 SKMITE

Tab.1 Estimated parameters of heteroscedasticity and variance structure models from model 1
parameter homoscedasticity lognormal error power variance exponent variance
L, 30.48 26.78 27.04 26.61
SE 2.08 0.58 0.59 0.70
CvV 0.068 0.022 0.022 0.026
L, 169.16 164.4 165.65 164.06
SE 1.75 1.84 1.80 1.84
CvV 0.010 0.011 0.011 0.011
k 1.14 1.38 1.37 1.45
SE 0.08 0.07 0.06 0.07
CvV 0.070 0.051 0.044 0.048
S 0.98 0.012
SE 0.06 <0.01
#2 RAAEMRFAHEEMEKEER 2 SHGEITE
Tab.2 Estimated parameters of heteroscedasticity and variance structure models from model 2
parameter homoscedasticity lognormal error power variance exponent variance
Ly 37.01 28.34 28.60 28.72
SE 1.82 0.59 0.57 0.62
Cv 0.049 0.021 0.020 0.022
L, 166.20 154.82 156.27 154.87
SE 1.79 1.58 1.58 1.59
Cv 0.011 0.010 0.010 0.010
k 1.95 2.92 29 2.99
SE 0.19 0.099 0.096 0.095
Cv 0.097 0.034 0.033 0.032
S5 1.03 0.013
SE 0.061 0.001
*3 FEAEMEAELEMEKERE I SHMEITHE
Tab.3 Estimated parameters of heteroscedasticity and variance structure models from model 3
parameter homoscedasticity lognormal error power variance exponent variance
Ly 24.63 26.59 26.77 26.38
SE 2.85 0.62 0.65 0.81
(6)% 0.116 0.023 0.024 0.031
L, 173.66 166.24 167.95 165.37
SE 2.00 2.36 2.29 2.37
()% 0.012 0.014 0.014 0.014
y 1.97 1.16 1.21 1.12
SE 0.22 0.14 0.14 0.14
Ccv 0.112 0.121 0.116 0.125
k 0.28 1.15 1.08 1.29
SE 0.20 0.19 0.19 0.07
()% 0.714 0.165 0.176 0.054
S5 0.95 0.012
SE 0.04 <0.01




3 : 457

k 4
, 1 2), k
5 1 0.012, 2.3
, 3 , 1 2
, 1 2 3 AIC ( 5 6),
, Ly , | 2 3
2 ; 1 , 3 , Ly ( 1:3, /=20.2, P<0.000 1;
, 2:3, /=60.2, P<0.000 1),
; 3 k vy ; , 3 AIC ,
4), - ,

x4 BERRBESHMGETEBEXME

Tab.4 Parameter estimates correlation of growth models

1 modell 2 model 2 3 model 3
parameter L, L, k L, L, k L, L, k y
L, 1 1 1
L, 0.25 1 0.282 1 -0.069 1
k -0.578 -0.778 1 -0.697 —-0.723 1 0.278 —-0.691 1
y -0.412 0.477 -0.941 1

®5 BIAEMMHESERHYHELMERKERBSREFIEREE

Tab.5 Goodness of fit and model selection from growth models of homoscedasticity and log-transformation models

homoscedasticity lognormal error
model fit
1 model 1 2 model 2 3 model 3 1 model 1 2 model 2 3 model 3
. 15.163 15.889 14.83 0.122 0.129 0.122

residuals standard error

logLik -1777.8 -1797.8 -1767.7 297.298 272.7 297.9
AIC 3563.5 3603.7 35454 —586.596 -537.4 -585.9
k 4 4 5 4 4 5
H,

likelihood ratio 20.2 60.2 1.2 50.4

P <0.001 <0.001 0.273 <0.001

F6 BRUMBEHURYAEZEMERERUSHENREIEZ

Tab.6 Goodness of fit and model selection from growth models of power and exponential variance structure

model fit power variance exponent variance
Imodel 1 2model 2 3model 3 Imodel 1 2model 2 3model 3
residuals standard error 0.13 0.11 0.146 3.006 2.79 3.11
logLik -1707.6 -1736.8 -1706.2 —-1705.027 -1730.3 —-1704.7
AIC 3425.2 3483.7 3424.4 3420.054 3470.6 3421.5
k 5 5 6 5 5 6
Ho
Likelihood ratio 140.4 122.04 123.0 145.462 135.1 126.0
P <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
H,
Likelihood ratio 2.8 61.2 0.65 51.2

P 0.094 <0.001 0.419 <0.001
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Fig.2 Diagnostic residual plots for the model 1 of variance structure models
a is log-transformation, b is power variance, ¢ is exponential variance.
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Fig.3 Diagnostic residual plots for the model 2 of variance structure models
a is log-transformation, b is power variance, c is exponential variance.
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Fig.4 Diagnostic residual plots for the model 3 of variance structure models
a is log-transformation, b is power variance, c is exponential variance.
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Modeling variance heterogeneity in growth: An example for small
yellow croaker, Larimichthys polyactis in the northern East China Sea

LIU Zunlei, YUAN Xingwei, YAN Liping, YANG Linlin, LI Yuxuan, CHENG Jiahua

East China Sea Fisheries Research Institute, Chinese Academy of Fishery Sciences, Key and Open Laboratory of Marine and
Estuarine Fisheries, Ministry of Agriculture, Shanghai 200090, China

Abstract: Growth models are important components of population biology study and are generally essential to
adequately assess the impact of fishery. Given a specific functional form, the appropriate estimation of growth
parameters depends on the error structure assumed for the data. For example, if variability in size is constant as a
function of age, an additive error structure is suitable. However, if the variability in size increases with age, a
multiplicative error or variance modeling is appropriate. Variance heterogeneity will typically not influence the
parameter estimates significantly, but if ignored it may result in severely misleading the standard error and predic-
tion intervals. The four parameters model formulated by Schnute contains a number of specific growth models that
can be used to explain the pattern of growth in small yellow croaker(Larimichthys polyactis). We used data trans-
formation and variance modeling to investigate the effect of assuming a different error structure in the model. We
used data from stow net surveys conducted between May—September in 2007-2008 and from bottom trawls con-
ducted in the northern region of the East China Sea between October—April in 2007-2009. We used the likelihood
ratio test (3 distribution) and Akaike’s Information Criterion to quantitatively compare the fit of nested submodels.
Error structure had a significant effect on the fitted models. The estimated parameter values for the lognormal er-
ror, power variance, and exponential variance structure models were similar. Furthermore, relatively small standard
errors and narrow confidence intervals suggest that the integration of variance structure in the growth models is
more accurate and robust than in the additive models. The log-transformation models and variance structure mod-
els fit the data better than the additive models. The funneling observed in the plots of deviance residuals against
age for the additive models was reduced in the corresponding plots for the lognormal error and variance structure
models. The power variance and exponential variance models yielded significantly different estimates than the
additive models (y* test, P<0.001) and had lower AIC values. Together, our results suggest the integration of
variance structure to estimate growth improves goodness of fit and predictive power.

Key words: Larimichthys polyactis; Schnute model; heteroscedasticity; likelihood ratio test
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