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Abstract
This study aimed to create an appropriate model using verbal autopsy (VA) data to estimate 
transport accident deaths from vital registration data in Thailand. A sample of 9644 VA deaths 
was obtained from the Thai Ministry of Public Health. VA assessed transport accidents accounted 
for 546 deaths (5.7% of sample). Logistic regression was used to model transport accident deaths 
classified by 9 provinces, 16 gender–age groups, 14 combinations of vital reported cause groups, 
and place of death (in or outside hospital). The receiver operating characteristic curve was 
used to match the number of reported transport accident deaths to the number predicted by 
the model with sensitivity 73.8% and false positive rate 1.6%. The estimated transport accident 
deaths ranged from 1.68 to 2.65 times higher than the vital registration data reported according 
to gender–age groups.

Keywords
transport accident deaths, verbal autopsy, vital registration, estimating model, logistic regression

Introduction

Injuries and deaths from transport accidents, most of which are road traffic accidents, are a major 
problem around the world. Many of these are preventable.1,2 The World Health Organization’s 
Global Burden of Disease Project in 2004 estimated that more than 1.3 million people die each 
year and between 20 and 50 million are injured from road traffic accidents globally. These prob-
lems are expected to increase from the ninth leading cause of death in 2004 to be the fifth leading 
cause of death in 2030. Road traffic accident was one of the leading causes of death and disability 
in most countries in the Southeast Asia region in 2004.3

A survey of 11 countries in Southeast Asia in 2007 reported that Thailand had the highest 
estimated road traffic accident mortality with the rate of 25.4 per 100 000 population.3 Data from 
the Royal Thai Police from 1983 to 2002 revealed that road traffic accident mortality rate had 
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varied substantially from 6.1 per 100 000 population in 1983 and peaked at 28.2 per 100 000 
population in 1995 before steadily decreasing to 20.9 per 100 000 population in 2002.4 In addi-
tion, data from the Injury Surveillance System of 28 provincial hospitals from 1998 to 2007 
showed that most of injury-caused deaths were from transport accidents.5,6

Good-quality data for transport accident deaths are essential to aid health planners with appro-
priate planning, problem solving, and decision making. However, data from vital registration 
(VR) in Thailand are of limited use as approximately 40% to 49% of deaths have the cause of 
death reported as “ill defined,” which includes unknown, unspecified causes, and “senility.”7-10 
As part of the efforts to reduce the misclassification of the causes of deaths, a verbal autopsy 
(VA) study was conducted in 2005 by the SPICE project (Setting Priorities using Information on 
Cost-Effectiveness analysis) to verify causes of deaths reported by VR in Thailand.10-13 The study 
was carried out to investigate and determine the actual causes of deaths recorded in the VR sys-
tem. The use of the 2005 VA data can be substantially improved by applying appropriate system-
atic biostatistical methods. Thus, this study aimed to generate a model based on the VA data for 
estimating transport accident deaths reported by VR in Thailand.

In this study, we focused on transport accident deaths with the codes V01 to V99 in the 
International Statistical Classification of Diseases and Related Health Problems (ICD-10) com-
prising land transport (V01-V89), water transport (V90-V94), air and space transport (V95-V97) 
and unspecified transport (V98-V99).14

Methods

Data Sources and Management

The main sources of data used for this study were 2 databases, namely the VA study and the VR, 
which is based on death certificates without autopsy, both obtained from the Bureau of Health 
Policy and Strategy, Thai Ministry of Public Health.

In 2005, a VA study comprised the deceased person’s age, gender, province, cause of death 
(ICD-10 coded in death certificate and VA-assessed code) and place of death (in or outside hos-
pital). The VA study was conducted for 9 provinces: Chiang Rai, Phayao, Loei, Ubon Ratchathani, 
Nakhon Nayok, Bangkok, Suphanburi, Chumphon, and Songkhla. The details of selecting prov-
inces and districts are explained by Rao et al.11 In this study, a total of 9644 deaths, out of which 
546 were from transport accident, were analyzed. The causes of deaths were derived from the 
ICD-10 Mortality Tabulation List 1, which consists of 103 cause categories. Twenty leading 
registered causes of death in Thailand in 2005 were considered in the VA study according to the 
mortality distribution.11 We grouped contiguous ages into 10-year age groups: 0 to 9, 10 to 19, 20 
to 29, 30 to 39, 40 to 49, 50 to 59, 60 to 69, and ≥70 years. This was combined with gender to 
form gender-age groups for reducing gender and age group interaction.

Data management for systematic analysis of the VA data began with the use of the chapter-
block classification of ICD-10 (the chapters consist of 21 blocks divided mainly by human body 
systems),14 which we used to group causes of death after consultation with the Epidemiology 
Unit, Faculty of Medicine, Prince of Songkla University. We then created 22 major cause groups 
with VA counts. To ensure statistical accuracy, we aimed to have at least 200 deaths in each 
group, except for septicemia (overreported), perinatal and congenital child death (confined to 
ages 0-4 years), and suicide as groups deserving special attention.

Of these major cause groups, we found that VR causes of transport accident deaths could be 
attributed to 11 VA causes: “all other” (156 deaths), “other injuries” (64 deaths), “ill-defined” (33 
deaths), “stroke” (13 deaths), “respiratory” (8 deaths), mental and nervous” (5 deaths), “septice-
mia” (3 deaths), “other CVD” (2 deaths), “endocrine” (1 death), “digestive” (1 death) and “sui-
cide” (1 death). We then classified causes of deaths from these 11 groups into 7 groups. The 6 most 
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likely risk groups and other groups combined: “transport accident,” “other injuries,” “stroke,” 
“respiratory,” “ill defined,” “all other,” and “other groups” (the remaining cause groups). A new 
variable was created by combining VR prediction groups with the 2 locations of death (in hospital 
and outside hospital), which we named VR cause–location group.

Statistical Methods

The determinants in this study were province, gender–age group, and medical (VR cause–loca-
tion group) components. The outcome was transport accident death coded as 0 (other death) and 
1 (transport accident death).

Logistic regression is a model for analyzing binary outcomes with one or more predictors. 
This model formulates the logit of the probability P that a person died from a transport accident 
as an additive linear function of the 3 determinant factors as follows:

                                                  In
P

P
ijk

ijk
i j k1−





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




= + + +µ α β γ

In this model Pijk is the probability of death due to transport accident. µ is a constant and the terms 
αi, βj and γk are individual parameters that specify 9 provinces (i; i = 1, 2, 3, . . ., 9), 16 gender–age 
groups (j; j = 100, 110, . . ., 170, 200, . . ., 270), and 14 VR cause–location groups (k; k = 110, 
120, . . ., 170, 210, . . ., 270), respectively.

A receiver operating characteristic (ROC) curve was used to diagnose how well a model pre-
dicts a binary outcome.15,16 After that, the model was applied to estimate the number of transport 
accident deaths in 2005 from VR database with a total of 395 374 deaths in Thailand. Of these, 
there were 10 914 deaths from transport accidents.

Data management and statistical analysis were performed using R statistical software.17

Results

Of the 9644 deaths in the VA study sample, 546 deaths were from transport accident (5.7%).

Estimation of Model

A logistic regression model with the 3 determinants: province, gender–age group, and VR cause–
location group were created. Each determinant had a P value less than .001 indicating that the 
associations of the 3 factors with transport accident deaths were significant. The model yielded a χ2 
of 1468.1 with 9607 degrees of freedom, and a P value of approximately 1, as shown in Table 1.

Figure 1 shows bar charts of the crude percentages of deaths and model-based 95% confi-
dence intervals of the adjusted percentage of VA-assessed estimates from transport accidents for 

Table 1.  Likelihood Ratio Test for Logistic Regression Model of Transport Accident Deaths by 
Province, Gender–Age Group and Vital Registration (VR) Cause–Location Group.

Factors Deviance df P Value

Province 28.92 8 .0003
Gender–age group 152.50 15 <.001
VR cause–location group 1524.65 13 <.001
Error 1468.10 9607  
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each of the 3 determinants compared with the overall percentage of deaths from accidents (shown 
as horizontal line). From the graphs, it appears immediately evident that age group and gender 
have a major impact on the probability of being killed in a transport accident, but province play 
a lesser rate. More than 95% of deaths from transport accident were consistent with the VR 
report. The figure clearly shows that there is no confounding after adjusting for all factors.

The logistic regression model provided an accurate measure for predicting the possibility of 
transport accident deaths, with the sensitivity of 73.8% and for predicting the false positive rate 
of 1.6% (a specificity of 98.4%). The area under the ROC curve (AUC) of 0.97 indicated excel-
lent model accuracy.

Results from the model revealed that transport accident deaths were underreported in VR data 
in 2005. The estimated deaths (VA) for both males and females were higher than the reported 
deaths in VR data by between 1.68 and 2.65 times, as shown in Table 2.

Discussion and Conclusion

Mortality statistics and causes of death are important for public health utility. Therefore, public 
health policies and planning for preventing transport accident mortalities should be based on cor-
rect data. A previous study on VA data by the SPICE project showed that there were 2.8% of 
transport accident deaths from VR system of which VR cause matched VA cause for 47.4% and 
the accuracy of VR was 97%. Thus, reported transport accident deaths in VR were underreported 
by an estimate of 52.6%, of which 6.1% were ill defined and 46.5% were other causes of deaths. 
Most of underlying reason of transport accident deaths was coded as “all other” group, which 
registered with unspecified event and undetermined intent (Y34; 27.1%). Hence, the use of the 
2005 VA data should be substantially improved by applying appropriate biostatistical methods 
for estimating the true number of transport accident deaths from VR. Similarly, many studies 
tried to link VA and VR for providing the true causes of deaths.18-20

The issue of the quality and the availability of VR data is a global phenomenon.8-10,13,18 Many 
methods have been used for estimating the correct causes of deaths.10-13,18,19,21 In this study, we 

Figure 1.  Bar chart for transport accident deaths and 95% confidence intervals for adjusted percentages 
of the verbal autopsy (VA) assessed estimate of transport accident deaths by province, age group, and 
reported cause of deaths.

 by guest on April 24, 2014aph.sagepub.comDownloaded from 

http://aph.sagepub.com/


Klinjun et al	 5

used the correct causes of deaths from VA data to create the model for estimating the correct 
number of transport accident deaths. For VA study, all causes of deaths in nine provinces in 
Thailand were sampled. The logistic regression model used 95% confidence intervals for adjusted 
percentages of VA-assessed transport accident deaths. The unadjusted and adjusted percentage of 
transport accident deaths gave the same results, showing no confounding in the sample.

However, we described a suitable logistic regression model for estimating reliable transport 
accident deaths based on VA data covered with 3 determinants: 9 provinces, 16 gender–age 
groups, and 14 VR cause–location groups. Accuracy of the model was improved by using ROC 
curve, which denoted the predicted outcome as 1 (transport accident) if P ≥ c, or 0 (other death) 
if P < c. We chose a cutoff point at c = 0.333, which gave 546 predicted transport accident deaths 
as the most accurate level based on the VA study. This model gave results for corrected causes of 
transport accident deaths with high sensitivity (73.8%), low false positive rate (1.6%), and high 
AUC (0.97). These methods have been used extensively for estimating and evaluating models in 
other studies.22,23 The model used in our study was created from VA data that was conducted to 
correct for the proportion of transport accident deaths in VR data. According to the model, the 
number of deaths from unspecified causes was reduced whereas the number of deaths from speci-
fied causes was increased which adjusted the correct causes of deaths in the VR report. After 
applying the model to VR data for 2005, we confirmed that the number of transport accident 
deaths in the VR system was substantially underreported for all gender–age groups. Therefore, 
this model is accurate for estimating the proportion of transport accident deaths in VR system in 
Thailand.
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Table 2.  The Ratio of Estimated Deaths From the Model and Reported Deaths in Thailand in 2005.

Gender–Age Group Estimated Deaths (VA) Reported Deaths (VR) Ratio (IF)

Male
  0-9 years 371 184 2.02
  10-19 years 3621 1523 2.38
  20-29 years 5228 2538 2.06
  30-39 years 3404 1719 1.98
  40-49 years 3057 1313 2.33
  50-59 years 1735 823 2.11
  60-69 years 947 485 1.95
  ≥70 years 771 291 2.65
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  0-9 years 281 120 2.34
  10-19 years 801 344 2.33
  20-29 years 605 359 1.68
  30-39 years 862 379 2.27
  40-49 years 772 324 2.38
  50-59 years 544 229 2.37
  60-69 years 433 171 2.53
  ≥70 years 258 112 2.30

Abbreviations: VA, verbal autopsy; VR, vital registration; IF, inflation factor.
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Abstract

This study aimed to develop models based on Verbal Autopsy (VA) data and to estimate correct number of deaths from
external causes in Thailand from 1996 to 2009. Logistic regression was used to create models of the three external causes of
death classified by province, gender-age group and Vital registration (VR) cause-location group. Receiver operating character-
istic (ROC) curves were used to validate the models by matching the number of reported deaths to the number of deaths
predicted by the models. The models provided accurate prediction results, with false positive error rates 1.6%, 2.0% and 0.6%
and sensitivities 73.8%, 46.3% and 62.0%, respectively. The results reveal that under-reporting of external causes of death
increased over the 14-year period. Our statistical method confirms that the Thai 2005 VA data can be used to estimate external
causes of death from VR report in Thailand to allow for the under-reporting rate.

Keywords: external causes of death, verbal Autopsy, vital registration, logistic regression, ROC

Songklanakarin J. Sci. Technol.
36 (6), , Nov. - Dec. 2014

1. Introduction

Within  recent  decades,  external  causes  of  death,
deaths due to accident and violence (World Health Organi-
zation, 2004), have had a large impact in terms of premature
deaths and potential years of life lost in all regions of the
world. The Global Burden of Disease (GBD) database in 2000
reported that injuries accounted for 9% of global deaths and
comprised 12% of the GBD. The injury-related disease burden
is expected to rise in rank in 2020, particularly for deaths from
road traffic accidents, homicide, war and suicide (Peden et
al., 2002). The GBD in 2004 reported that injuries accounted
for 10% of global deaths and is expected to rank among the
20 leading causes of death in the world by 2030, particularly

in deaths from road traffic accidents, suicide and homicide
(World  Health  Organization,  2010).  Road  traffic  accident
deaths are expected to increase to be the fifth-leading cause
of death in 2030, with suicide and homicide rising to be the
12th and 18th leading causes of death, respectively (World
Health Organization, 2010).

In Thailand in 2004, external causes of death due to
road traffic accidents, homicide and violence, suicide and
drowning among males caused disability-adjusted life year
(DALY) loss in the 2nd, 12th, 14th and 20th rank, respectively,
whereas road traffic accidents were the 7th leading cause of
DALY loss for females. Furthermore, road traffic accidents
in both males and females caused the burden of diseases to
increase DALYs lost in 2004 over and above the 1999 level
(Bundhamcharoen et al., 2011). The VR data in 2005 showed
that road traffic accidents and suicide were among the 20
leading causes of all deaths (Porapakkham et al., 2010). In
2008, Thailand was in the first four countries in Asia with
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high mortality rates from injuries. Over 40% of all injury deaths
were  due  to  road  traffic  accidents,  followed  by  all  other
injuries  and  suicide  (OECD/ World  Health  Organization,
2012). Many deaths from external causes are controllable and
largely  preventable.  However,  a  major  obstacle  to  these
issues is incorrect data on cause of death recorded in the VR
system in Thailand. The VR system is the important source of
mortality data for the whole country but the problem of the
quality of data on specific causes of death has been regularly
acknowledged (Mathers et al., 2005; Tangcharoensathien
et al., 2006; Rao et al., 2010; Porapakkham et al., 2010). In
Thailand, about 40-49% of death certificates reported the
cause of death as “ill-defined”, which includes unknown or
unspecified causes and senility, and this significantly limits
their public utility (Mathers et al., 2005; Tangcharoensathien
et al., 2006; Polprasert et al., 2010). To address this problem,
the  Thai  Ministry  of  Public  Health  (MOPH)  used  the  VA
method in 2005 to critically assess vital statistics data and
improve the quality of cause of death recorded at registration
in Thailand (Rao et al., 2010).

VA is a tool for obtaining cause of death when medical
diagnoses are not available (Maude and Ross, 1997; Setel et
al., 2006; Mudenda et al., 2011). Thus, the VA study in Thai-
land in 2005 conducted by the Setting Priorities using Infor-
mation on Cost-Effectiveness analysis (SPICE) project was
used  for  verifying  causes  of  deaths  and  to  determine  the
actual causes of deaths recorded in the VR system in Thailand
by gender, age group and province (Rao et al., 2010; Pora-
pakkham et al., 2010; Polprasert et al., 2010; Pattaraarchachai
et  al.,  2010).  The  results  from  this  study  showed  that
Transport accident deaths of VR increased from 2.8% to 6.4%
for  deaths  in  hospital  (Pattaraarchachai  et  al.,  2010)  and
increased  from  2.7%  to  5.2%  for  deaths  outside  hospital
(Polprasert et al., 2010). Transport accident was the second
leading  cause  of  death  in  males  (8.1%)  (Rao  et  al.,  2010).
Suicide deaths of VR increased from 1.3% to 1.8% for deaths
outside hospital (Polprasert et al., 2010).

This study used the number of deaths from the Thai
2005 VA study to create models for estimating external causes
of  death  from  the  VR  database  in  Thailand,  and  thus  to
systematically estimate the corresponding number of external
causes of death in Thailand from 1996 to 2009.

2. Methods

2.1 Data sources and management

External  causes  of  death  in  this  study  focused  on
transport accidents (V01-V99), other accidents (W, X00-X59)
and  suicide  (X60-X84)  as  classified  by  the  International
Statistical  Classification  of  Diseases  and  Related  Health
Problems (ICD-10) (World Health Organization, 2004).

Data from the Thai 2005 VA study and the VR data-
bases from 1996 to 2009 were obtained from the Bureau of
Health Policy and Strategy, MOPH. The Thai 2005 VA study
data had 9,644 samples of deaths recorded with the deceased

person’s gender and age, province, cause of death (ICD-10
coded in death certificate and VA-assessed code) and place of
death (in hospital or outside hospital) (Rao et al., 2010). The
data were a clustered sample taken from 28 districts from nine
provinces in Thailand 2005. The provinces include Chiang
Rai,  Phayao,  Loei,  Ubon  Ratchathani,  Nakhon  Nayok,
Bangkok, Suphanburi, Chumphon and Songkhla (Figure 1).
The  nine  provinces  were  selected  from  Bangkok  and  two
provinces from each of the four broad regions: Northeast,
North, Central and South, by ranking provinces by numbers
of reported deaths and selecting one province above and one
below the median similar to the method for selecting the 28
districts. Finally, 50% of reported deaths were selected from
urban areas and 50% from rural areas within these districts
using simple random sampling (Rao et al., 2010). Grouping of
the gender-age group depended on the age distribution of
deaths from each injury cause of death. Transport accident
deaths and other accident deaths were divided into eight
groups: 0-9, 10-19, 20-29, 30-39, 40-49, 50-59, 60-69 and 70
years  and  over.  Suicide  was  divided  into  six  groups:  5-29,
30-39, 40-49, 50-59, 60-69 and 70 years and over. These were
combined with gender to form gender-age groups.

Data management for systematic analysis of the VA
data began with the use of the classification of ICD-10 for
grouping causes of death after consultation with the Epide-
miology Unit, Faculty of Medicine, Prince of Songkla Univer-
sity. Thus, we created 22 major cause groups with VA counts.
To ensure statistical accuracy, we structured the groups so
that, as far as possible, there were at least 200 deaths in each
group, except for septicemia (over-reported), perinatal and
congenital child death (confined to ages 0-4) and suicide as
groups deserving special attention, as shown in Table 1.

Of these major cause groups, we found that the VR
cause of other accidents deaths could be attributed to 16 VA
causes: “ill-defined” (97 deaths), “all other” (41 deaths),

Figure 1. Map showing the nine provinces of the Thai 2005 VA
study
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“stroke” (14 deaths), “respiratory” (11 deaths), “septicemia”
(8 deaths), “genitourinary” (5 deaths), “suicide” (5 deaths),
“transport accident” (4 deaths), “digestive” (3 deaths),  “other
cancer” (2 deaths), “endocrine” (2 deaths), “IHD” (2 deaths),
“other  infectious  diseases”  (1  death),  “other  digestive
cancer” (1 death), “mental and nervous” (1 death) and “other
CVD” (1 death). We then classified causes of deaths from
these 16 groups into 8 groups: the 7 most likely risk groups,
and other groups combined: “other accidents”, “ill-defined”,
“stroke”, “respiratory”, “septicemia”, “genitourinary”, “all
other” and “other groups” (the remaining cause groups). A
new variable was created by combining VR prediction groups
with the two places of death (in hospital and outside hospital)
which we named VR cause-location group. In the same way,
VR causes of suicide and transport accident deaths could be
attributed to 13 VA causes and 11 VA causes, respectively,
Then  we  classified  the  cause  of  death  into  4  groups  for
suicide and 7 groups for transport accident.

2.2 Statistical methods

From  9,644  deaths  in  the  Thai  2005  VA  study,  the
determinants  were  province,  gender-age  group  and  VR
cause-location group. The outcomes of applying the models
were binary values which were coded 1 and 0 to represent
“the  cause  of  death  of  interest”  and  other  (for  example,
transport accident, other accidents and suicide), respectively.
Logistic  regression  was  used  to  create  three  models  for
estimating external causes of death: transport accident, other
accidents and suicide with regional (province), demographic
(gender-age group) and medical component (VR cause-loca-
tion group) from the VR database in Thailand. Each model
formulates the logit of the probability P that a person died
from  each  external  causes  of  death  as  an  additive  linear
function of the determinant factor. The simple logistic regres-
sion model is formulated as

In 







 k

k

P
P

1  = m + gk (1)

In  each  model  Pk  is  the  probability  of  transport
accident death, m is a constant and gk specified the VR cause-
location group (k). The simple model (1) is compared with
the full model (2) as an additive linear function of the three
determinant factors as follows:

In 


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


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
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 ijk

ijk

P
P

1  = m + ai + bj + gk (2)

In  each  model  Pijk  is  the  probability  of  transport
accident death and the terms ai, bj and gk refer to province
(i), gender/age group (j) and VR cause-location group (k),
respectively.

The p-value for a variable in a logistic regression model
is Prob[2>D], the tail area of a chi-squared distribution with
k-1 degrees of freedom (df), where k is the number of levels
and D is the reduction in deviance (a measure of lack of fit of
the model) achieved by the variable. The models were then
scaled  by  appropriate  constants  to  yield  546  transport
accident deaths, 341 other accidents deaths and 158 suicide
deaths, corresponding to the totals in the VA study.

The 95% confidence interval (CI) of adjusted percent-
ages for each variable was used for adjusting fitted outcome
values to reduce the effects of confounding bias arising from
covariates associated with both the binary outcome and the
variables (McNeil, 1996). The confidence intervals provide
standard  errors  for  the  differences  between  each  variable
level  and  their  overall  mean.  A  method  for  doing  this  is
described by Tongkumchum and McNeil (2009) and by
Kongchouy and Sampantarak (2010).

The ROC curve is used to validate the logistic regres-
sion model (Hosmer and Lemeshow, 2000; Westin, 2001). This
method is an important step to evaluate the validity of the

Table 1. VA counts for 22 major causes of deaths in Thailand, 2005: The VA study

                  No Cause groups VA data                         No Cause groups VA data

1 TB (A15-19) 195 12 Stroke (I60-69) 1,076
2 Septicemia (A40-41)  77 13 Other CVD (I-)   544
3 HIV (B20-24) 514 14 Respiratory (J)   802
4 Other Infectious (A-, B-) 222 15 Digestive (K)   490
5 Liver Cancer (C22) 500 16 Genitourinary (N)   412
6 Lung Cancer+ (C30-39) 320 17 Child Mortality (P, Q<5yrs)    97
7 Other Digestive (C15-26-) 290 18 Ill-defined (R)   502
8 Other Cancer (C-, D0-48) 704 19 Transport Accident (V)   546
9 Endocrine (E) 649 20 Other Accident (W, X0-59)   341

10 Mental, Nervous (F, G) 228 21 Suicide (X60-84)   158
11 Ischemic (I20-25) 617 22 All other*   360

+ all respiratory and thoracic, - excluding cause groups listed above
* All other: D50-D89, H00-H95, L00-L99, M00-M99, O00-O99, P00-Q99 age>5yrs, X85-Y09, Y10-Y89
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model that estimates the same number of each external causes
of death as in the VA study. In this study, the ROC methods
present a statistical analysis of how well a model predicts a
binary outcome.

According to the VA study, the province variable of
the logistic regression model contains only nine of Thailand’s
76 provinces. Therefore, a method is needed to extend the
model-estimated  province  coefficients  to  the  other  67
provinces.  The  coefficients  of  the  nine  provinces  in  the
models were used for interpolation and triangulation method
(Denzin, 2010; Waeto et al., 2014) for the coefficients of the
other provinces. Triangles were used to predict results for
provinces  outside  the  VA  study.  Their  coefficients  were
estimated, based on the latitude (lat) and longitude (long) of
their central points. The nine VA provinces were linked using
triangles;  the  co-ordinates  at  the  vertices  were  set  using
Bangkok as a reference point. Each of these triangles creates
an area covering multiple provinces. The coefficient for each
point within each triangle can be calculated from its relation-
ship to the values of each of its vertices.

For  each  triangle,  values  (a, b, c)  are  obtained  by
solving three equations as follows:

a+longP1×b+lat P1×c = 1P1 (3)

a+longP2×b+lat P2×c = 2P2 (4)

a+longP3×b+lat P3×c = 3P3 (5)

The coefficient for any province j within a triangle is
now given by

a+longPj×b+lat Pj×c = jPj

In  each  triangle  P  is  province  and    is  coefficient.
Coefficients for provinces outside triangles are obtained simi-
larly by extrapolation. To compare differences in coefficients
of cause of death across the province thematic maps were
used. Provinces were classified into three groups, according
to whether the coefficient was (1) totally below the lower
quartile,  (2)  crossing  the  median,  or  (3)  totally  above  the
upper quartile. The thematic map was used to display this
information using corresponding colours, (1) white (2) pink
(3) red.

After  obtaining  the  appropriate  model,  the  logistic
regression models were applied to estimate the number of
deaths  for  each  of  the  three  cause  groups:  transport
accidents, other accidents and suicide from the VR database
during 1996 to 2009. Data management and statistical analysis
were performed using R statistical software (R Development
Core Team, 2011).

3. Results

In  the  9,644  VA  study  transport  accident,  other
accidents and suicide accounted for 546 (5.7%), 341 (3.5%)

and 158 (1.6%) deaths, respectively. Of these, the VR cause
of death matched the VA cause for 259 (47.4%), 143 (41.9%)
and 90 (57.0%), respectively. The accuracy of death registries
were 259 deaths of 267 reported deaths (97.0%) in transport
accident, 143 deaths of 237 reported deaths (60.3%) in other
accidents and 90 deaths of 107 reported deaths (84.1%) in
suicide.  Therefore,  the  death  registry  in  VR  reports  were
under-reported for transport accidents by 52.6%, of which
11.7% were other accidents, 6.0% were ill-defined and 34.8%
were other causes of death. Reported other accident deaths
in the VR were under-reported by an estimated 58.1%, of
which 28.5% were ill-defined and 29.6% were other causes
of death. Reported suicide deaths in the VR were under-
reported  by  an  estimated  43.0%,  of  which  11.4%  were  ill-
defined and 31.7% were other causes of death, as shown in
Figure 2.

3.1 Estimation of models

Logistic regression models, based on the Thai 2005 VA
study with the three determinants were created. The determi-
nants had a statistically significant p-value less than 0.05 for
associations  with  the  three  cause  groups.  However,  the
p-value for the province determinant associations with other
accidents  exceeded  0.05,  indicating  no  evidence  for  any
difference in the proportion of other accidents among the
nine provinces, as shown in Table 2.

Figure 3 shows bar charts of deaths for each cause and
model-based 95% confidence intervals of VA-assessed esti-
mates for the three cause group deaths by province, gender-
age  group  and  reported  cause  and  location  of  death.  The
overall  mean  is  shown  as  a  red  line.  The  bar  charts  show
percentages of the three cause group deaths corresponding
to  each  determinant.  The  figure  shows  relatively  small
province effects. The highest proportion of transport acci-
dent deaths was in Nakhon Nayok province, males aged 10-19

Figure 2. Association between the VA counts and the VR counts
from 22 causes of death. Areas of bubbles denote numbers
of deaths
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years had the highest percent of transport accident deaths,
and more than 95% of transport accident deaths both in and
outside hospital were consistent with the VR reported. The
highest  proportion  of  other  accident  deaths  was  in
Chumphon province, males aged 0-9 years had the highest

percent of other accident deaths, and more than 50% of other
accident deaths both in and outside hospital were consistent
with  the  VR  reported.  The  highest  proportion  of  suicide
deaths was in Chiang Rai province. Females aged 30-39 years
had the highest percent of suicide deaths. More than 80% of
suicide deaths both in and outside hospital were consistent
with those VR reported.

The blue vertical line segments denote 95% CI of the
adjusted percentage of VA-assessed external causes of death
by province, gender-age group and reported cause of death,
showing  some  confounding  due  to  correlation  between
determinants.

Figures 4 and 5 show ROC curves for the three logistic
regression models comparing the simple models with the full
models. The full logistic regression models with three deter-
minants predicted the proportions of deaths in three cause
groups substantially better than the simple logistic regres-
sion model, with areas under the ROC curve (AUC) of 0.965,
0.832 and 0.935, sensitivity of 73.8%, 46.3% and 62.0% and
false positive rates of 1.6%, 2.0% and 0.6%, respectively.

Table 2. Likelihood-ratio test for three logistic regression models from deaths of the three
cause groups by province, gender-age group and VR cause-location group

               Variables Transport Accident Other Accidents Suicide

Province 0.0003*** 0.8430 0.0324*

Gender-age group <0.001*** 0.0011** <0.001***

VR cause-location group <0.001*** <0.001*** <0.001***

***p-value < 0.001, **p-value < 0.01, *p-value < 0.05

Figure 3. Bar charts of deaths for each cause and 95% CI of adjusted
percentages of the three VA-assessed estimates of cause
of  death  by  province,  gender-age  group  and  reported
cause and location of death. To improve clarity a folded
cube root scale is used on the vertical axis to expand tick
marks close to 0 and 100

Figure 4. ROC  curves  for  the  simple  models  of  the  three  cause
groups

Figure 5. ROC curves for the full logistic regression models of the
three cause groups
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Figure 6 shows thematic maps of values interpolated
for all 76 provinces. The three cause groups had different
regional  patterns.  Transport  accidents  and  suicide  in  2005
show  highly  statistical  significant  differences  between
provinces. The highest proportions of transport accident
deaths occurred in most of the Eastern and Central region,
two provinces of the North-Eastern region and one province
of the Bangkok Metropolitan area. The highest proportions of
suicide deaths occurred in most of the Northern provinces,
three  provinces  of  the  Bangkok  Metropolitan  area,  two
provinces of the North-Eastern region and one province of
the Eastern region. There is no evidence for any differences
between other accident death proportions in 2005.

Results from the models revealed that reported deaths
from VR data from 1996 to 2009 in both males and females
were under-reported. The under-reporting of the three cause
groups increased over the 14-year period, as shown in Table
3.

4. Discussion and Conclusions

The quality of data on cause of death of the VR system
is important information for public health utility for predict-
ing,  controlling  and  preventing  external  causes  of  death.
Thus, valid solutions to problems of external causes of death

should be based on correct data.
The Thai 2005 VA study found that a number of deaths

for unspecified cause such as ill-defined/unknown and un-
specified  septicemia  required  adjustment  to  achieve  the
correct levels of cause of death in the VR report (Rao et al.,
2010). A method for quality controlling measures in the Thai
2005 VA study is described by Rao et al. (2010). The applica-
tion of a simple cross-referencing method on VR and VA data
revealed that after reclassification in the VA study, ill-defined
deaths and unspecified septicemia deaths of VR decreased
from  39.6%  to  5.2%  and  from  5.4%  to  0.8%,  respectively.
Validation  and  validity  of  VA  has  two  major  categories:
physician-certified verbal autopsy (PCVA) and computerized
coding of verbal autopsy (CCVA) (Chandramohan, 2011).
Each method found that the VA method can be a useful tool
for  generating  the  actual  causes  of  death  in  a  population
without  a  complete  VR  system,  and  an  estimate  based  on
machine  learning  yield  that  VA  is  75%  accurate  when
measured against clinical gold standards (Flaxman et al.,
2011; Fligner et al., 2011; Riley, 2011). However, physician-
certified deaths in natural disease processes which have the
same  signs,  symptoms  and  assumptions  found  inaccurate
cause of death in up to 40% of VA data (Riley, 2011). These
results suggest that the VA study can be used for improving
cause of death and verifying accuracy of causes of deaths
from VR databases. Similarly, other studies were linked to VA
and VR for improving accuracy of cause of death (Setel et al.,
2005; Setel et al., 2006; Porapakkham et al., 2010; Mudenda
et al., 2011; França et al., 2011). Porapakkham et al. (2010)
used  VA  data  for  estimating  causes  of  death  from  the  VR
database  in  Thailand,  2005.  Their  study  used  a  capture-
recapture method and matching deaths to estimate the total
deaths  by  age  and  sex,  and  used  proportionate  mortality
distribution by age, sex and cause of death for adjusting data
from the VR database (Porapakkham et al., 2010).

In this study we fitted logistic models to the three
outcome cause groups. The full logistic regression models
with province, gender- age group and VR cause-location
group were more accurate for predicting cause of death cor-
responding to the determinants of the Thai VA study in 2005
than the simple logistic regression models with VR cause-
location groups. The p-value for the province determinant
showed no differences between proportions of non-transport
accident deaths between the nine provinces consistent with
the thematic map. These models accurately allocate deaths

Table 3. Ratios of estimated deaths from models and reported deaths in Thailand
in 2005

Transport Accident Other Accident Suicide
     Period

Male Female Male Female Male Female

1996-2004 2.03 2.13 1.13 1.78 1.56 1.38
2005 2.16 2.23 1.28 2.10 1.62 1.34
2006-2009 2.27 2.26 1.32 2.22 1.66 1.37

Figure 6. Thematic map of values interpolated the coefficients from
the logistic regression model for all 76 provinces for the
three  cause  groups  in  2005.  No  evidence  of  a  regional
effect was found for other accident deaths
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into cause groups by gender age-group and province with
high sensitivity and low false positive rate in transport acci-
dent and suicide, acceptable sensitivity and low false positive
rate in other accidents. In our study, the results of logistic
regression models showed that the full logistic regression
model can be used for estimating the number of deaths from
the three cause groups of external cause of injuries using the
same information as provided by the Thai VA study in 2005.

This study predicted numbers of deaths only in year
2005,  and  the  model  gave  a  good  fit.  This  method  can  be
applied for predicting the number of true deaths before and
after 2005, provided it is assumed that the patterns of
misreporting of deaths in these years are the same as in 2005
when the VA study was undertaken. According to the three
models, the VA/VR inflation factor for each cause group is
the ratio of the estimated number of deaths to the number of
reported deaths in the VR database, and thus is a measure of
under-reporting bias in the VR data for each cause group.
Transport  accident  deaths  have  higher  under-reporting
biases and smaller gender differences than other accident and
suicide deaths. Transport accident deaths and other accident
deaths in males were higher than in females over the three
periods except suicide deaths in females were higher than in
males over the three periods. The under-reporting bias of the
three cause groups increased over the 14-year period. Under-
reporting of transport accidents, other accident and suicide
deaths could occur from misclassification of the causes of
death (Pattaraarchachai et al., 2010; Polprasert et al., 2010).
These findings are in agreement with the previous studies
conducted by Tangcharoensathien et al. (2006) and Prasart-
kul and Vapattanawong (2006). These studies reported that
deaths outside hospital were recorded by village heads with
limited knowledge and expertise in reporting the cause of
death and some deaths in hospital were recorded by physi-
cians  from  their  extensive  use  of  vague  codes.  The  study
conducted by Mathers et al. (2005) revealed that the highest
percentage of using vague codes such as ill-defined deaths
form 115 countries was found in Thailand during 1950-2000.
These results show that the Thai 2005 VA study is another
death data source for verifying the actual external causes of
death from VR data in Thailand.

This paper provides an example for improved utility
of the Thai 2005 VA data by applying appropriate biostatisti-
cal methods. The results from this study should be useful for
investigating external causes mortality spatial patterns by
gender-age groups, province and year in Thailand from 1996
to 2009.
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