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Abstract: In this study, we are interested in modelling the response variable as the US diabetes mortality rate in the aspect of different
types of neoplasms, endocrine, nutritional and metabolic diseases, musculoskeletal system diseases, obesity, sugar intake, and alcohol
use disorder via generalized linear model (GLM) with the Tweedie distribution. In this study, firstly, we will focus on the effects of
changing the variance power parameter and the index of the power link function on the AIC goodness-of-fit test statistic and also
Pearson chi-square and deviance statistics for the dispersion parameter and the residuals in the GLMs with the Tweedie distribution for
the US diabetes mortality data. The best link function is determined as “identity” with the variance power parameter “1.9” and the link
Sfunction power “1” belonging to the Tweedie distribution in the GLM for the US diabetes mortality data. Secondly, the importance of
model diagnostic plots based on the residuals, Cook’s distance and leverage is emphasized to determine the extreme observations that
may cause some problems for parameter estimations, hypothesis tests, and statistical inferences in the GLM for the US diabetes mortality

data from the Tweedie distribution.
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1. Introduction

Diabetes is a chronic disease that occurs either when the
pancreas does not produce enough insulin or when the body
cannot effectively use the insulin it produces. World Health
Organization (WHO) projects that diabetes will be the
seventh leading cause of death in 2030[44].

In many studies, diabetes mortality has been investigated in
different aspects to enable a better understanding of the risk
factors affecting it. Especially diabetes mortality is one of the
most important causes of early mortality in the US than many
European countries [37].In the literature, Goodkin (1975),
Fuller et al. (1983), Williamson et al. (2000), Cifuentes et al.
(2000), Kaati et al. (2002), Wen et al. (2005), Franco et al.
(2007) and Secrest et al. (2014) investigated diabetes
mortality risk factors in different aspects. A large number of
studies on diabetes mortality have been included in the
literature.

In recent years, generalized linear models (GLMs) including
regression models based on the exponential family of
distributions with the flexibility of modelling the probability
distribution of the continuous and discrete type response
variables have gained popularity. In the literature, Nelder and
Wedderburn  (1972), Cameron and Trivedi (1986),
McCullagh and Nelder (1989), Firth (1991), Liao (1994),
Blough et al. (1999), Lindsey (2000), Diggle (2002),
Renshaw and Haberman (2003), Dobson and Barnett (2008),
Fitzmaurice et al. (2012), Grover et al. (2013), Agresti(2015)
and lyit et al. (2016) investigated GLMs approach in details.

GLM with the response variable coming from the Tweedie
distribution as a member of the class of mixed distributions
known as the Tweedie family has attracted great interest in
statistical modelling especially in actuarial sciences and risk
modelling. Jorgensen and Paes De Souza (1994), Dunn and

Smyth (2001), Smyth and Jorgensen (2002), Wuthrich
(2003), Candy (2004), Dunn (2004), Dunn and Smyth
(2005), Kaas (2005), Dunn and Smyth (2008), Shono (2008),
Brown and Dunn (2011), Zhang (2013) and Simsekli et al.
(2015) are good and exciting references for the GLM with
the Tweedie distribution in the literature.

In this study, we will focus on statistical modelling of the
response variable as the US diabetes mortality rate in the
aspect of different types of neoplasms, endocrine, nutritional
and metabolic diseases, musculoskeletal system diseases,
obesity, sugar intake, and alcohol use disorder via GLM with
the Tweedie distribution. With the feature of the
attractiveness of the Tweedie distribution still not well-
known and not widely used, this study has not been done
before for the diabetes mortality data in the literature.

2. Materials and Method

Generalized linear models (GLMs) include regression models
based on the exponential family of distributions. In GLMs,
the distribution of the response variable comes from the
exponential family. A monotonic and differentiable link

function as g(p) exists that linearizes the relationship
between the linear predictor n=Xp and the mean of the

response variable E(Y)=p [21].

The Tweedie [41] distribution is useful to model a response
variable y>0. The response variable having the Tweedie
distribution belonging to the exponential family can be
modelled by using GLMs approach. The variance of the
Tweedie distributed response variable is;

V(Y) =P )
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where E(Y)=p is the mean of the Tweedie distributed
response variable, ¢ is the dispersion parameter and p is an

extra variance power parameter over the mean in the
variance of the response variable, respectively.

The Tweedie family is known as the class of mixed
distributions [36], [40].The Tweedie family of distributions
for specific values of the variance power parameter p in
Eq.(1) are given in Table 1.

Table 1: Many important known distributions as special
cases ofthe Tweedie family

p values Distributions
p=0 Normal
p=1 Poisson
1<p<2 Tweedie
p=2 Gamma
p=3 Inverse Gaussian

The Tweedie distribution for 1<p<2 is a special case of the
Tweedie family and less well known from other distributions
[10]-[13]. For 1<p<2, the Tweedie distribution is a
compound Poisson-gamma mixture distribution, which is the
distribution of S defined as [36];

S = ivi @)

where N [J Poisson(A) is independently and identically
distributed (i.i.d) Poisson random variable with A parameter
and Y; [J Gamma(e,0) is i.i.d gamma random variables with

the shape parameter « and the scale parameter 6[6], [13],
[14], [36] .

For p>1, the Tweedie family has the following form;

F(v:10.4,P) =a(y.9) epoy“ ol p)ﬂ ®)
g 1-p
where x(u, p) = 1" /2—p for p#2 and

x(u, p)=log(u) for p=2, respectively. The function
a(y,¢) does not have an analytical expression. It is usually

evaluated by using the series expansion methods described in
[13], [36].

Parameter estimates in GLM for the Tweedie distribution are
obtained traditionally by using iteratively reweighted least
squares (IRLS) method. IRLS method both linearizes the
relationship between the model linear predictor n= X and

the fitted value for the expected value of the response
variable E(Y):u, and provides a robust way to estimate

model parameters. Deviance statistic is used as the
convergence criteria in IRLS method and also used as the
goodness-of-fit test statistic in GLMs. In IRLS method, as an
advantage, convergence is achieved in a few iterations when
the change in deviance statistic values between two iterations
is below a specified level of tolerance generally taken as

107 in the R version 3.4.0[21].

In this study, it is interested in the situation where the
variance power parameter p is between 1 and 2.

Some possible link functions in GLMs for the Tweedie
distribution are given in Table 2 where “link power”
indicates index of the power link function. In GLMs,
generally index of the power link function takes values in the
range from -3 to +3 [13], [21]. In this study, we are
interested in the indexes of the power link function from -1
to +1.

Table 2: Relationships between some link powers and link
functions in GLMs for the Tweedie distribution [21]

Link power Link function

3 cubic
2 quadratic
1 identity

0.5 square root
0 log

-0.5 inverse square root
-1 inverse

-2 inverse quadratic
-3 inverse cubic

Determining the best link function in GLMs for the Tweedie
distribution among possible link functions given in Table 2
via goodness-of-fit test statistics is an important problem for
obtaining accurate interpretations of the model parameter
estimates. The best link function in GLMs for the Tweedie
distribution is the one with the smallest value of Akaike
Information Criterion (AIC) [2];

AIC:—Z(L—k) 4)
as the goodness-of-fit test statistic. In Eq.(4), L indicates the
value of the model log-likelihood and k specifies the number
of independent variables in the model, including the intercept
term [21].In GLMs, deviance measures how closely the
model-based fitted values of the response variable
approximate to the observed values of the response variable

(8], [22].

The Pearson dispersion is the ratio of the model Pearson chi-
square dispersion statistic to the model degrees of freedom
defined as the number of observations in the GLM minus the
number of independent variables in the model, including the
intercept term [21].

In the analysis of residuals, Pearson residuals and deviance
residuals are important model diagnostic tools for GLMs.
The Pearson residual is defined as;

R, :Lﬁl (5)
(1)

The sum of squared Pearson residuals is the Pearson chi-

square residual statistic. The deviance residual is defined as;

Ry =sgn(y—fi)~/deviance (6)

The deviance residual statistic is then defined as the sum of
squared deviance residuals [21].

Visually, GLM diagnostic plots can be drawn by using each
observation’s Cook’s distances and leverage values besides
the residual values to detect influential outliers that
negatively affect the model.

MAE; mean absolute error, RMSE; root mean square error,
NRMSE; normalized root mean square error, RSR; ratio of
RMSE to the standard deviation of the observations, mNSE;
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modified Nash-Sutcliffe efficiency, md; modified index of
agreement, and VE; volumetric efficiency between predicted
values from the GLM and observed values from the dataset
are the alternative goodness-of-fit measures in GLM
validation [28], [27], [31], [47].

In this study, by using R version 3.4.0, simulations are done
to investigate the effect of different values of the variance
power parameter (p) (1<p<2) on the Tweedie distribution
when the value of the dispersion parameter ¢ and the mean
value of the Tweedie distributed response variable . are
taken as 1. Initially, 50 random numbers, in the next case 100
random numbers, and finally 1000 random numbers are

generated from the Tweedie distribution as given in Figure 1,
Figure 2, and Figure 3, respectively
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Figure 1: Histograms of 50 random numbers generated from
the Tweedie distribution for different p values (1<p<2)
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Figure 2: Histograms of 100 random numbers generated
from the Tweedie distribution for different p values (1<p<2)
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Figure 3: Histograms of 1000 random numbers generated
from the Tweedie distribution for different p values (1<p<2)
As seen from Figure 1 to Figure 3, as the generated random
numbers go up to 1000 from 50, and the variance power
parameter (p) value from 1.05 to 1.95, it can be easily
observed that the shape of the distribution comes closer to
Gamma distribution from Poisson distribution as indicated in
Table 1.

3. Generalized Linear Model for the US
Diabetes Mortality Data from the Tweedie
Distribution

In this study, by using the R version 3.4.0and IBM SPSS
23.0, an application of the Tweedie distribution on diabetes
mortality data for the US is investigated by using GLM
approach. The data used in this study are taken from the
OECD Database [34].

In this study, sugar intake, certain infectious and parasitic
diseases, malignant neoplasms, diseases of the blood,;
endocrine, nutritional and metabolic diseases, mental and
behavioral disorders, diseases of the nervous system, and
circulatory system; ischemic heart diseases, diseases of the
respiratory  system, digestive  system, skin, and
musculoskeletal system; and also obesity are taken as
candidate independent variables to the GLM for the US
diabetes mortality data. Response variable is taken as
"diabetes mortality rate" of theUS between 1960 and 2010 to
the GLM with the Tweedie distribution by using different
link functions. The link functions are taken as identity, log,
inverse square root and inverse link functions. Also, AIC is
used as goodness-of-fit test statistic for comparing these
different link functions and different values of the variance
power parameter (p) for the Tweedie distribution in the GLM
approach for the same data. Furthermore, the dispersion
parameter and the residuals are examined via the deviance
and Pearson chi-square statistics by using R version 3.4.0.

4. Results and Discussion

In Table 3, according to the different values of the variance
power parameter as "var.power (p)" between 1 and 2 given in
Table 1, and the indexes of the power link function between -
1 and 1 given in Table 2, 36 different GLMs for the US
diabetes mortality data from the Tweedie distribution are
constituted and compared by using AIC goodness-of-fit test
statistic. And also, Pearson chi-square and deviance statistics
for the dispersion parameter and the residuals are obtained in
Table 3.
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Table 3: Results for comparing GLMs for the US diabetes mortality data in the cases of different values of the variance power

parameter (p) and link function powers

Candidate Var. Link AIC Pearson chi- Deviance Pearson chi- Deviance
GLMs power (p) | power square residual square dispersion statistic
residual statistic dispersion
statistic statistic
GLM1 1.1 1 62.70377 0.06669965 0.06674653 0.00476426 0.004767609
GLM 2 1.2 1 62.65253 0.048293689 0.04833094 0.003449549 0.00345221
GLM 3 1.3 1 62.60121 0.034966839 0.034996 0.002497631 0.00249973
GLM 4 1.4 1 62.54975 0.025317509 0.025341 0.001808393 0.001810039
GLM5 1.5 1 62.49808 0.018330892 0.01834885 0.001309349 0.001310632
GLM 6 1.6 1 62.44614 0.0132722258 0.01328616 0.0009480161 0.0009490117
GLM7 1.7 1 62.39385 0.00960950 0.009620275 0.000686393 0.0006871625
GLM 8 1.8 1 62.34117 0.0069575194 0.006965817 0.0004969657 0.0004975583
GLM 9* 1.9 1 62.28802 0.0050373702 0.005043739 0.0003598122 0.0003602671
GLM 10 1.1 0 63.19473 0.067329455 0.06739216 0.004809247 0.004813726
GLM 11 1.2 0 63.15664 0.048761107 0.04881102 0.003482936 0.003486502
GLM 12 1.3 0 63.11897 0.035313869 0.03535331 0.002522419 0.002525236
GLM 13 1.4 0 63.08168 0.025575253 0.02560622 0.001826804 0.001829016
GLM 14 1.5 0 63.0447 0.018522390 0.01854657 0.001323028 0.001324755
GLM 15 1.6 0 63.00798 0.0134145528 0.01343334 0.0009581823 0.0009595242
GLM 16 1.7 0 62.97148 0.0097153181 0.009729853 0.0006939513 0.0006949895
GLM 17 1.8 0 62.93514 0.0070362151 0.007047417 0.0005025868 0.000503387
GLM 18 1.9 0 62.89891 0.0050959134 0.005104518 0.0003639938 0.0003646084
GLM 19 1.1 -0.5 64.56295 0.06915174 0.0692246 0.00493941 0.004944614
GLM 20 1.2 -0.5 64.53523 0.050090225 0.05014842 0.003577873 0.00358203
GLM 21 1.3 -0.5 64.50801 0.036283269 0.03632941 0.002591662 0.002594958
GLM 22 14 -0.5 64.48121 0.026282277 0.02631862 0.001877305 0.001879901
GLM 23 1.5 -0.5 64.45479 0.01903804 0.01906651 0.00135986 0.001361893
GLM 24 1.6 -0.5 64.42869 0.0137906210 0.01381281 0.0009850444 0.0009866291
GLM 25 1.7 -0.5 64.40285 0.0099895805 0.0100068 0.0007135415 0.0007147712
GLM 26 1.8 -0.5 64.37723 0.0072362261 0.007249533 0.0005168733 0.0005178238
GLM 27 1.9 -0.5 64.35176 0.0052417711 0.00525202 0.0003744122 0.0003751443
GLM 28 1.1 -1 66.60132 0.07196462 0.07204736 0.00514033 0.00514624
GLM 29 1.2 -1 66.58842 0.052142109 0.05220848 0.003724436 0.003729177
GLM 30 1.3 -1 66.57613 0.037780045 0.03783288 0.002698575 0.002702348
GLM 31 14 -1 66.56441 0.027374116 0.0274159 0.001955294 0.001958278
GLM 32 1.5 -1 66.55317 0.019834487 0.01986734 0.001416749 0.001419096
GLM 33 1.6 -1 66.54234 0.014371581 0.01439729 0.001026542 0.001028378
GLM 34 1.7 -1 66.53186 0.0104133463 0.01043337 0.0007438105 0.0007452406
GLM 35 1.8 -1 66.52166 0.0075453216 0.007560854 0.0005389515 0.000540061
GLM 36 1.9 -1 66.51168 0.0054672179 0.005479224 0.0003905156 0.0003913732

*The smallest values for AIC, Pearson chi-square and the
deviance statistics for the residuals and the dispersion
parameter indicate that the best link function is “identity”

with the variance power parameter “1.9” and the link

function power “1”belonging to the Tweedie distribution in

the GLM for the US diabetes mortality data.

Parameter estimates, standard errors of the parameter

estimates, z-test statistic values with the corresponding
significance values for 4 statistically significant independent

Table 4: Results of the best GLM for the US diabetes mortality data from the Tweedie distribution in the case of the variance

power parameter=1.9 and the link function power=1

variables with 2interaction terms in the best GLM constituted
for the US diabetes mortality data are given in Table 4, by
using R version 3.4.0at « = 0.05significance level.

In Table 4, parameter estimates in the GLM for the US
diabetes mortality data coming from the Tweedie distribution
are obtained by using iteratively reweighted least squares
(IRLS) method in R version 3.4.0.

Independentvariables [3 s.e(ﬁ) Hypothesis Test 95% Confidence Interval
zvalue | Pr(>|z|) Lower Upper
Intercept -37.44900 |17.28953 |-2.166 |0.030312 |-71.3364788 -3.5615212
malignantneoplasms -0.68858 |0.34877 |-1.974 |0.048348 | -1.3721692 -0.0049908
malighantneoplasms of trachea, bronchusandlung 2.32193 ]0.89398 |2.597 |0.009396 | 0.5697292 4.0741308
malignantmelanoma of skin 1.12913 |0.39406 |2.865 [0.004165 | 0.3567724 1.9014876
obesity 48.42683 |15.15225 |3.196 |0.001393 | 18.72842 78.12524
sugarintake X endocrine, nutritionalandmetabolicdiseases | 2.58751 |0.85443 |3.028 |0.002459 | 0.9128272 4.2621928
alcohol X obesity -5.02772 | 1.49233 |-3.369 |0.000754 | -7.9526868 -2.1027532
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In the final stage, residuals, Cook’s distance and leverage
plots as the model diagnostics are investigated for the best
GLM belonging to the US diabetes mortality data from the
Tweedie distribution in Figure 4.
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Figure 4. GLM diagnostic plots for the US diabetes mortality data from the Tweedie distribution

As seen from Figure 4, model diagnostic plots based on the
values of the residuals, Cook’s distance and leverage indicate
that 2, 16., and 30. Observations seem as extreme values that
may cause some problems for parameter estimations,
hypothesis tests, and statistical inferences in the GLM for the
US diabetes mortality data from the Tweedie distribution.
There are lots of discussions about what to do on problems
occurring of these extreme observations in GLM. In our
opinion, when such a situation is encountered, the best thing
to do is to omit them. And then the GLM for the US diabetes
mortality data from the Tweedie distribution must be

reconstructed again under the same conditions after ignoring
these observations.

Parameter estimates, standard errors of the parameter
estimates, z-test statistic values with the corresponding
significance values for 6 statistically significant independent
variables with 3 interaction terms in the reconstructed GLM
constituted for the US diabetes mortality data from the
Tweedie distribution are given in Table 5, by using the IRLS
method in Rversion 3.4.0 at « =0.05 significance level.

Table 5: Results of the reconstructed GLM for the US diabetes mortality data from the Tweedie distribution in the case of
variance power parameter=1.9 and the link function power=1

Independent variables B se (ﬁ) Hypothesis Test | 95% Confidence Interval
zvalue | Pr(>z]) Lower Upper

malignant neoplasms -1.449627 | 0.338299 | -4.285 | 1.83e-05 |-2.11269304 | -0.78656096
malignant neoplasms of trachea, bronchus and lung -2.217560 | 0.690512 | -3.211 | 0.00132 |-3.57096352 | -0.86415648
malignant melanoma of skin 1.102750 | 0.273787 | 4.028 |5.63e-05 | 0.56612748 | 1.63937252
endocrine, nutritional and metabolic diseases -3.871801 | 1.802597 | -2.148 | 0.03172 |-7.40489112 | -0.33871088
diseases of the musculoskeletal system 2.260208 | 0.854840 | 2.644 | 0.00819 | 0.5847216 | 3.9356944
Obesity 38.944957 | 13.140215 | 2.964 | 0.00304 | 13.1901356 | 64.6997784

sugar intake X endocrine, nutritional and metabolic diseases | 4.914137 | 1.949977 | 2.520 | 0.01173 | 1.09218208 | 8.73609192
sugar intake X malignant neoplasms 1.040975 | 0.431513 | 2.412 | 0.01585 | 0.19520952 | 1.88674048
alcohol X obesity -3.939097 | 1.322117 | -2.979 | 0.00289 | -6.53044632 | -1.34774768

Useful alternative goodness-of-fit measures to compare fitted
GLMs validations for the US diabetes mortality data from the
Tweedie distribution are given in Table 6.

As seen from Table 6, after omitting extreme observations
from the dataset as a result of examining the residuals,
Cook’s distance and leverage, the new fitted GLM for the US
diabetes mortality data from the Tweedie distribution gives
better alternative goodness-of-fit measures than the old best
model.

Table 6: Alternative goodness-of-fit measures to compare
fitted GLMs validations for the US diabetes mortality data
from the Tweedie distribution

Models  |MAE |[RMSE [NRMSE |RSR [MNSE | md | VE
Thegl'_dlv?e“ 016 |022 | 6.8 (007|094 p.97 0.9
Thenew GLM |0.11 | 0.156 | 45 [0.05|0.96 [.98 [.00

From Table 6, it is easily observed that MAE, RMSE,
NRMSE, and RSR values of the new GLM are smaller than
the old fitted best GLM for the US diabetes mortality data.
On the other hand, mNSE, md, and VE values of the new
GLM are greater than the old fitted best GLM for the US
diabetes mortality data. These values of the alternative
goodness-of-fit measures and the IRLS estimates of the
dispersion parameter as 0.0002366898 and 9.568814e-05 for
the old fitted best GLM and the new GLM, respectively
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indicate that the new GLM for the US diabetes mortality data
from the Tweedie distribution better fit to the data than the
old best GLM after omitting extreme observations.

In Table 7, according to the variance power parameter=1.9
and the link function power=1, the old best GLM, and the
new GLM for the US diabetes mortality data from the

Tweedie distribution are compared by using the values of
AIC goodness-of-fit test statistic and also Pearson chi-square
and deviance statistics for the residuals and the dispersion
parameter.

Table 7: Comparison of the old fitted best GLM and the new GLM for theUS diabetes mortality data from the Tweedie
distribution in the case of the variance power parameter=1.9 and the link function power=1

Model AlC Pearson chi-square Deviance Pearson chi-square Deviance
residual statistic residual statistic dispersion statistic dispersion statistic
The old best GLM 62.28802 0.0050373702 0.005043739 0.0003598122 0.0003602671
The new GLM 22.89971 0.0019396973 0.0019416 0.0001939697 0.0001941602

The smallest values of AIC, and also Pearson chi-square and
deviance statistics for the residuals and the dispersion
parameter indicate that the new GLM for the US diabetes
mortality data from the Tweedie distribution better fits to the
data than the old best GLM.

The values of the alternative goodness-of-fit measures in
table 6 and the statistics in Table 7 indicate that the new
GLM for the US diabetes mortality data from the Tweedie
distribution better fits to the data than the old best GLM after
omitting extreme observations.

The values of the Pearson residuals and the deviance
residuals for the US diabetes mortality rates between 1960
and 2010 by the new GLM with the Tweedie distribution are
given in Table 8.

The new GLM for theUS diabetes mortality data from the
Tweedie distribution with “identity” link function by using
the parameter estimates given in Table 5 is as follows;

diabetesmortality rate = —1.449627 (mal.neo.) - 2.217560(mal.neo. lung )
+1.102750(mal.neo.skin)- 3.871801(endocrine diseases)
+2.260208dis. musculoskeletal ) +38.944957 ( obesity )
+4.914137(sugar int ake) x (endocrine diseases)
+1.040975(sugar int ake) x (mal.neo.)
(

-3.939097(alcohol ) x (obesity) (7)

As seen from Table 8, the deviance residuals and the Pearson
residuals lie within the range (-0.02102, 0.01502) and (-
0.02091, 0.01508) belonging to the US diabetes mortality
rates between 1960 and 2010 by the new GLM with the
Tweedie distribution, respectively.

On the other hand, the deviance residuals and the Pearson
residuals lie within the range (-0.02295, 0.02025) and (-
0.02281, 0.02036) belonging to the US diabetes mortality
rates between 1960 and 2010 by the old best GLM with the
Tweedie distribution, respectively.

Line graph of the actual vs. predicted values of the US
diabetes mortality rates between 1960 and 2010 by the new
GLM with the Tweedie distribution is given in Figure 5.

Table 8: Pearson and deviance residuals values for the US diabetes mortality rates between 1960 and 2010 by the
new GLM with the Tweedie distribution

Years 1960 1962 1963 1964 1965 1966 1967 1968
Pearson residuals -0.00223 0.00309 0.00036 -0.00452 0.00542 0.00217 -0.00432 -0.00903
Deviance residuals -0.00223 0.00309 0.00036 -0.00453 0.00541 0.00216 -0.00433 -0.00905
Years 1969 1970 1971 1972 1973 1974 1976 1977
Pearson residuals 0.00364 0.01262 -0.00912 0.00352 0.00163 -0.00340 0.00000 -0.00331
Deviance residuals 0.00364 0.01258 -0.00915 0.00352 0.00163 -0.00340 0.00000 -0.00332
Years 1978 1979 1980 1981 1982 1983 1984 1985
Pearson residuals 0.00333 -0.00012 0.00335 -0.00668 0.00338 0.00610 -0.00594 0.00000
Deviance residuals 0.00332 -0.00012 0.00335 -0.00669 0.00337 0.00609 -0.00595 0.00000
Years 1986 1987 1988 1990 1991 1992 1993 1994
Pearson residuals 0.00141 0.00163 -0.00316 -0.00328 0.00478 0.00151 -0.00320 -0.00520
Deviance residuals 0.00140 0.00163 -0.00316 -0.00328 0.00478 0.00151 -0.00320 -0.00521
Years 1995 1996 1997 1998 1999 2000 2001 2002
Pearson residuals 0.00000 0.01180 -0.00569 -0.00073 0.00199 -0.02091 0.01013 0.00764
Deviance residuals 0.00000 0.01177 -0.00570 -0.00073 0.00199 -0.02102 0.01010 0.00763
Years 2003 2004 2005 2006 2007 2008 2009 2010
Pearson residuals 0.00473 -0.00388 0.01508 -0.00484 -0.00947 -0.00565 0.00702 -0.00167
Deviance residuals 0.00472 -0.00388 0.01502 -0.00485 -0.00949 -0.00565 0.00701 -0.00167
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Figure 5: Line graph of the actual vs. predicted values of the US diabetes mortality rates between 1960 and 2010 by the new
GLM with the Tweedie distribution

As seen from Figure 5, the new GLM with the Tweedie
distribution best fits to the US diabetes mortality rates
between 1960 and 2010.

5. Conclusions

In this study, especially the main interest is on the effects of
changing the variance power parameter (p)(1<p<2) in the
variance of the Tweedie distributed response variable and the
index of the power link function from -1 to +1 on the AIC
goodness-of-fit test statistic and also Pearson chi-square and
deviance statistics for the residuals and the dispersion
parameter in the constituted GLMs for the US diabetes
mortality data.

The smallest values for AIC, Pearson chi-square and the
deviance statistics for the residuals and the dispersion
parameter indicate that the best link function is “identity”
with the variance power parameter “1.9” and the link
function power “1” belonging to the Tweedie distribution in
the GLM for the US diabetes mortality data.

Although the values for the Pearson chi-square and the
deviance statistics for the residuals and the dispersion
parameter seem very close to each other, the deviance
statistics give larger values than the Pearson chi-square
statistics in the GLMs for the US diabetes mortality data from
the Tweedie distribution. In this case, for examining the
residuals and the dispersion parameter, the deviance statistics
tend to be preferable than the Pearson chi-square statistics.

Also in this study, it is emphasized that the model diagnostic
plots based on the residuals, Cook’s distance and leverage
need to be investigated to determine the extreme
observations that may cause some problems for parameter
estimations, hypothesis tests, and statistical inferences in the
GLM for the US diabetes mortality data from the Tweedie
distribution. So determining and then omitting these extreme
observations from the data set gives better results for the
statistically insignificant independent variables to become
statistically significant in the GLM for the US diabetes
mortality data. Also alternative goodness-of-fit measures
give better results and the ranges for the deviance residuals
and the Pearson residuals become narrower in the GLM for
the US diabetes mortality data from the Tweedie distribution

after omitting these extreme observations.

It can also be concluded that over-dispersion is not
determined in the data structure because the IRLS estimates
of the dispersion parameter are not greater than 1 in the
GLMs constituted for the US diabetes mortality data.
Checking over-dispersion in the data structure is so
important because it may cause a statistically significant
independent variable to become statistically insignificant in
the model.
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