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Abstract- The objectives of this research are to propose a proper model for defective products in an autoparts manufacturing 
industry, to apply the proposed model to the defective products data, to investigate the factors related to the machines 
producing defective products, and to compare the proposed model with the generalized estimating equations model (GEE).   
The proposed model is a generalized linear mixed model (GLMM) in which the dependent variables have a Poisson 
distribution.  The parameter are estimated using a Bayesian method. The data were collected from 12 machines, 15 days for 
each machine, from an autoparts manufacturing factory. The data collection dates vary depending on the working steps and 
the product types. The results show that the proposed model fits the data.  The factors related to the machines producing 
defective products are working steps, workers, and product types.  According to the estimates of the factors effects, the 
working step producing the largest number of defective products is the working step 2 followed by the working steps 3, 1 
and 4, respectively.   The worker producing the largest of defective products is the worker 4, followed by the workers 10, 5, 
8, 6, 2, 3, 1, 7 and 9, respectively. The product type 3 has the largest number of defective products, followed by the product 
types 2 and 1, respectively. If the population-averaged effects are focused, the GEE is applied. However, the subject-specific 
is focused, the GLMM is applied. 

Keywords- Generalized linear mixed model (GLMM), Bayesian estimation, Autoparts manufacturing factory, Defective 
products 
 
I. INTRODUCTION 
 
Defective products could result in loss of market 
acceptance of our products, material recall and 
replacement costs or loss of revenues.   In Thailand, 
the automotive industry, one of the industries targeted 
by the government for support, is a vital sector for the 
country’s economy as it contributes greatly to exports 
and trade inflows. It is the second-largest export 
industry, after computer parts and components.  One 
of the models widely used to investigate the factors 
related to the machines producing defective products 
is a generalized linear mixed model (GLMM).  A 
generalized Linear Mixed Models (GLMM) has 
attracted considerable attention over the last years. 
The word “generalized” refers to non-normal 
distributions for the response variable, and the word 
“mixed” refers to random effects in addition to the 
usual fixed effects of regression analysis (Isik, 2011) 
For parameter estimation, a Bayesian method 
becomes increasing popular is since it can deal with a 
complex model (Congdon, 2006).  For Bayesian 
inference, parameters are treated as random variables 
and have a distribution so-called priors.  The product 
of the data distribution and priors are called posterior 
distribution. The well-known method for parameter 
estimation in the posterior is the Markov Chain 
Monte Carlo (MCMC) in which Gibbs samplings are 
applied.  Krueger and Montgomery (2014) applied 
the GLMM to analyze the semiconductor data for 
finding courses of defective products, controlling 
production process and forecasting product outputs.  
Shtub and Dar-El (1989) stated that fundamental 
factors in autopart industries are labor, working 

process flow and shortest moving distance.  
MacDuffie et al. (1996) found that factors related to 
poor product quality are labor, machine, production 
schedule, product inspection and supplier 
coordination.  O’Brein and Dunson (2004) used a 
Bayesian method for parameter estimation for a 
logistic model.  Noninformative priors were applied.  
Pedroza (2006) used Gibbs sampling MCMC for 
forecasting mortal rate of American men.  Saravanan 
et al. (2006) studied defective machines for quality 
control to reduce production cost.  Yelland (2009) 
used Bayesian method for parameter estimation in 
state-space models.  Patrick and Lutong (2010) 
applied  Markov Chain Monte Carlo (MCMC) for 
parameter estimation of  Generalized linear mixed 
models (GLMM).  Yelland (2010) also used a 
Bayesian method for computer parts data and 
compared the proposed model with the Exponential 
smoothing (ExpS) and  Judgmental methods (Judg). It 
was found that a Bayesian method has a better 
performance. Since the GLMM using Bayesian 
estimation has not been used for defective autoparts 
in Thailand before, we adopted it to be used in this 
research.  The dependents which are the number of 
defective auto parts are assumed to be a Poison 
distribution.  Factors related to defective autoparts are 
working steps, the product types and workers. The 
results of this study are useful for planning and 
making decision in order to reduce the number of 
defective autoparts. 
 
II. METHOD AND APPLICATION 
A generalized linear mixed model using Bayesian 
estimation is used to study the factors related to the 
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number of defective autoparts.  The model is in the 
following form. 
Let ,  1, 2,3,...,12itY i  , =1,2,3,...,15t  
be then number of defective autoparts from a machine 
i at day t . 

itY  has a Poisson distribution, i.e. itPois( )itY  , 
where  

0 1 .1 2 .2

3 .3 14 .14

log( ) 1 2  
               

it i it it it

it it

b b X X
X X

   
 

    

    . 

.1 .2 .3, ,it it itX X X are working steps from step  1 to step 
3, respectively.  The step 4 is a reference step.  

.4 .12, ,it itX X××× are workers from worker  1 to worker 9, 
respectively.  The worker 10 is a reference worker. 

.13 .14,it itX X are product types,  type 1 and type 2, 
respectively.  The type 3 is a reference type. 

0 1 14, ,...,b b b are regression coefficients. The 
parameters, 0 1 14, ,...,b b b , are estimated using a 
Bayesian method.  A noninformative prior 
distribution for each parameter is applied. 

0 1 14, ,..., (0,100 000)Normb b b ~  
The Markov chain Monte Carlo (MCMC) using 
Gibbs Sampling (Casella and George. 1992) is used 
by writing source codes in OpenBUGS (Ntzoufras, 
2009).  The convergence of MCMC is judged by 
trace plots, history plots, kernel density plots and 
autocorrelation plots.  The estimated parameters from 
the proposed model are compared with the 
generalized estimating equations (GEE) which is 
usually used for population-averaged effects (Liang  
and  Zeger, 1986) while the GLMM is used for the 
subject-specific. 
 
III. RESULTS AND DISCUSSION 
 
The estimated parameters from the GLMM is 
presented in Table 1. From Table 1, the factors affect 
defective autoparts are working steps, product types 
and workers. Given that the working step 4 was a 
reference step, the working step 1 produced 1.9922 
defective products more than step 4, the working step 
2 produced 7.3478 defective products more than step 
4 and the working step 3 produced 2.6292 defective 
products more than step 4.  The working steps 
produced the number of defective autoparts ranking 
from greatest to smallest are working step 2, step 3, 
step 1 and step 4, respectively. 
 

Table1:The estimated parameters from the GLMM 

 

 
 
Table2: The comparison of the estimated parameters from the 

GLMM and GEE 

 
 
Given that the worker 10 was a reference worker, the 
worker 1 produced 0.369 defective products less than 
worker 10, the worker 2 produced 0.2927defective 
products less than worker 10, the worker 3 produced 
0.3677 defective products less than worker 10, the 
worker 4 produced 0.4326 defective products more 
than worker 10, the worker 5 produced 0.021 
defective products less than worker 10, the worker 6 
produced 0.1595 defective products less than worker 
10, the worker 7 produced 0.5398 defective products 
less than worker 10, the worker 8 produced 0.0628 
defective products less than worker 10, the worker 9 
produced 0.5805 defective products less than worker 
10.   The workers produced the number of defective 
autoparts ranking from greatest to smallest are 

Standard

Deviation

Intercept -4.6890 1.3580 -6.0570 -0.0790 0.0092

Working process 1 1.0960 0.3408 0.3938 1.7700 2.9922

Working process 2 2.1220 0.3255 1.5070 2.7420 8.3478

Working process 3 1.2890 0.3091 0.6891 1.8700 3.6292

 Interval

95% Credible
Factor Mean Exp(mean)

Working process 4
(Reference)
Worker 1 -0.4604 0.5020 -1.4930 0.4641 0.6310
Worker 2 -0.3463 0.5054 -1.3810 0.6264 0.7073
Worker 3 -0.4584 0.6771 -1.7800 0.8628 0.6323
Worker 4 0.3595 0.5014 -0.6424 1.2710 1.4326
Worker 5 -0.0212 0.5370 -1.1260 0.9874 0.9790
Worker 6 -0.1737 0.5352 -1.2550 0.7920 0.8405
Worker 7 -0.7762 0.6399 -2.0130 0.4689 0.4602
Worker 8 -0.0649 0.5357 -1.1460 0.9679 0.9372

Worker 9 -0.8686 0.7184 -2.3530 0.5287 0.4195

Worker 10 (Reference) . . . . .

Product 1 -0.8007 0.9448 -3.7580 0.1911 0.4490

Product 2 -0.5925 0.4474 -1.5970 0.2753 0.5529

Product 3 (Reference) . . . . .

. . . . .

Mean Exp(mean) Mean Exp(mean)

Intercept -4.6890 0.0092 2.7800 16.1250

Working process 1 1.0960 2.9922 0.7240 2.0640

Working process 2 2.1220 8.3478 1.6250 5.0800

Working process 3 1.2890 3.6292 0.9580 2.6080

Working process 4 . . . .
(Reference)
Worker 1 -0.4604 0.6310 -0.442 0.643
Worker 2 -0.3463 0.7073 -0.499 0.607
Worker 3 -0.4584 0.6323 -1.02 0.361
Worker 4 0.3595 1.4326 -0.157 0.855
Worker 5 -0.0212 0.9790 -0.292 0.747
Worker 6 -0.1737 0.8405 -0.469 0.626
Worker 7 -0.7762 0.4602 -1.011 0.364
Worker 8 -0.0649 0.9372 -0.239 0.787
Worker 9 -0.8686 0.4195 -1.425 0.24
Worker 10 (Reference) . . . .
Product 1 -0.8007 0.4490 -0.725 0.484
Product 2 -0.5925 0.5529 -0.149 0.862
Product 3 (Reference) . . . .

GLMM GEE
Factor
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working worker 10, worker 5,  worker 8,  worker 6,  
worker 2,  worker 3,  worker 1,  worker 7 and worker 
9,   respectively. 
 
Given that the product type 3 was a reference worker, 
the product type 1 produced 0.551 defective products 
less than product type 3 and the product type 2 
produced 0.4471 defective products less than product 
type 3, respectively.  The product types produced the 
number of defective autoparts ranking from greatest 
to smallest are product type 3, product type 2 and  
product type  1, respectively.  The comparison of the 
estimated parameters from the GLMM and GEE are 
presented in Table 2. From table 2, the estimated 
parameters from the GLMM and from the GEE are 
different. If the population-averaged effects are 
focused, the GEE is applied. However, the subject-
specific is focused, the GLMM is applied. 
 
CONCLUSIONS 
 
The GLMMs are proposed for defective products in 
an autoparts manufacturing industry to investigate the 
factors related to the machines producing defective 
products, and to compare the proposed model with 
the generalized estimating equations model (GEE). 
The parameter are estimated using a Bayesian 
method. The data were collected from 12 machines, 
15 days for each machine, from an autoparts 
manufacturing factory. 
 
The results show that the proposed model fits the 
data.  The factors related to the machines producing 
defective products are working steps, workers, and 
product types.  If the population-averaged effects are 
focused, the GEE is applied. However, the subject-
specific is focused, the GLMM is applied. 
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