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Random effects b; are assumed to be independent and distributed with mean zero
and a diagonal vi ance-covariance matrix D). The within-bird errors are assumed
to be independen - normally distributed with mean zero and a constant variance

o2, and independent of the random effects. k = 1,2,3,4,5,6 and relates to body
(1] [ mass |

bill
tarsus
head
wing

foot

features by the fc wing relation:

[ L I )

4.3.1.1 Variance functions ( multivariate case)

The within-bird e s given in equation 4.6 are assumed to be distributed with mean
zero and a consta: variance for all growth variables. However, it may be reasonable
to assume that the within-bird errors variance depends on the fitted values and /or
covariates as was the case for the univariate models. A variance function in which
the variance increases linearly with fitted values (var(e;;) = 02|y1;;|%, where 6 = 0.5),
a variance function with different variances for each body feature (var(e;;) = 0262,
and a variance fi tion where variance increase as a power of fitted values, with
a different power for each feature,(var(e;;) = o2|u;;|** ) were fitted and the best
variance function was selected based on AIC. k = 1,2, 3,4, 5,6 and denotes the body
features. The last riance function, with a different power for each feature, was the
best since this m« 1 has the smallest AIC (59528.61), (Table.4.10).

Table 4.10: Comy ison of different variance functions for within-bird errors for the
multivariate logis  model.

Var(e;;) 2 BIC logT il
o2 72464 72512.70 -ouslo.ou
o?lpyl® 68990 69038.01 -34488.01
o262 61488 61570.61 -30732.17

o?|ui; % 59528  59617.72 -29751.31
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Table 4.11: Estimates of reference values (a1, 41 and ;) and differences to these

parameter values 1 other body features obtained from the multivariate logistic
model for Grey-h led Gulls.

psumnates of refer values, Value ota.rrror t-value p-value
differences in

parameter values

other features

o (reference vaiue) 261.48 3.61 izao < uull
1423 -231.31 3.63 -63.69 < 0.001
a3 -214.64 362 -59.29 < 0.001
0y -182.35 3.64 -50.04 < 0.001
as 43.67 9.36 4.36 < 0.001
g -168.59 3.64 -46.34 < 0.001
11 (reference value) 12.39 0.18 68.02 < 0.001
o -7.94 043 -17.49 < 0.001
13 -8.79 024 -36.98 < 0.001
4 -9.38 0.27 -35.08 < 0.001
s 14.01 0.53 26.54 < 0.001
e -11.02 0.20 -53.68 < 0.001
B1 (reference value) 5.31 0.07 7721 <0.001
B2 7.19 037 19.21 < 0.001
B3 4.22 0.17 2488 < 0.001
B4 8.10 0.21 3754 < 0.001
Os 3.69 0.13 2997 < 0.001
An 2 9A N1s 92907 < 00Q]

4.3.1.5 Model iagnostics

Having obtained the final model, it is important to assess the goodness of fit of
this model by checking if the basic assumptions underlying non-linear mixed effects
models are not vii ted. From the normal quantile plot (Figure.4.14), it appears that
there are some d artures from the assumption of normality for within-bird errors
though Figure 4.15 shows a symmetric distribution for residuals mostly within the
42 range with small number of large positive and negative residuals. The plot of
standardized residuals versus fitted values for all features (4.16) does not indicate
any possible non-constant variance for within bird-errors rather it shows that we
have predominan - fitted values less than 100 compared to a smaller number of
fitted values greater than 100. Figure 4.17 is a repeat of the plot of standardized

residuals versus fitted values but differentiates between different features.


















Table 4.12: Fixed effects estimates (standard errors) obtained from the multivariate logistic, Gompertz and Richards mo
res of Grey-headed Gulls.

for the six body fea

Model ody feature
Mass Bill Tarsus Wing Head Foot
Logistic AIC (30416.39)
a 261.48 (3.61) 30.17 (0.49) 46.85 (0.38) 3 .18 (8.66) 79.14 (0.60) 92.90 (0.55)
7] 12.39 (0.18)  4.45 (0.42) 3.60 (0.17)  26.40 (0.50) 3.00 (0.21)  1.37 (0.12)
16} 5.31 (0.07) .49 (0.37) 9.54 (0.16) 9.00 (0. ) 13.40(0.21) 8.57 (0.13)
Gompertz  AIC (31379.95)
vy 16.71 (0.93) 12.36 (0.10)  18.90 (0.11) 9.52 (0.37) 35.21 (0.12) 42.55 (0.21)
Jé] 2.84 (0.05) 0.88 (0.02) 0.89 (0.01) 3.76 (0.03) 0.84 (0.01) 0.76 (0.01)
i 0.10 (0.002) 0.06 (0.002) 0.08 (0.002) 0.05 (0.001) 0.05 (0.001) 0.09 (0.002)
Richards  AIC (33101.14)
o 270.88 (4.27) 28.57 (0.45)  45.09 (0.35) 201.17 (3.75) 74.66 (0.55) 91.49 (0.55)
7] 1.91 (0.21) 1.61 (0.39) 2.50 (0.26) 91 ( 15) 1.54 (0.20) 1.53 (0.25)
8 0.17 (0.01)  0.12 (0.01) 0.17 (0.01) 0.40 (0.04) 0.11 (0.06)  0.15 (0.01)
é 0.83 (0.08) 2.13 (0.43) 3.05 (0.32) 4.30 (0.48) 2.31 (0.24) 2.31 (0.29)
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Chapter 5
Conclusions

In this chapter, we revisit our primary objectives in order to evaluate wether they
have been achieved, we draw conclusions and make recommenc ions for improve-

ments and further studies.

5.1 Review and evaluation of the obj :tives

o Univariate and multivariate modelling.
With univariate modelling, we wanted to fit separate models to each body
feature. We were able to fit logistic models with upper asymptotes but not
with lower asymptotes. For Gompertz models, only growth models with lower
asymptotes but not with upper asymptotes could be fitted. From our results
we noted that the logistic models were most appropriate to  scribe the growth
of body mass and wing length v "2 the Gompertz models provided best fits
for bill, tarsus, head and foot for Grey-headed Gulls. F. Swift Terns, the
inverse exponential model provided the best univariate fit for four of six fea-
tures. But this model could not be fitted for wing. This may be the reason why
we could not fit a multivariate inverse exponential and possibly highlights a

problem with our approach of forcing the same structural form on all responses.
The multivariate modelling approach:

To fit growth curves to multiple responses simultaneously, we have used a

different approach from that used in Davidian and Giltine (1995).
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