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Abstract- Abstract. In 2015, 10.4 million people got infected with tuberculosis (TB) and 1.8 million died from the disease 

and over 95% of TB deaths occur in low- and middle-income countries. The aim of this study is to compare the prediction 
performance between statistical and machine learning method for TB deaths from verbal autopsy (VA) data in Thailand. A 

total of 9644 VA death record in 2005 was obtained from the Thai Ministry of Public Health which the sampling unit was a 

registered death of Thai citizen who was a permanent resident in Thailand. The remaining data was 9495 records after data 

management process include imputing missing value with 99 in age variable. Logistic regression and decision tree models  
had been employed for predicting people who died TB. The results showed that the predicting accuracy of logistic regression 

and decision tree were the same which was 98% and AUC of ROC curve indicated logistics has AUC 61.74 higher than 

decision tree which had AUC 59.28. In conclusion, the performance of prediction for both logistic and decision tree was the 

same with the small number of cases (195 of 9495). 

Keywords: classification accuracy, comparison, ROC, verbal autopsy  

INTRODUCTION 

Tuberculosis (TB) is one of the top 10 causes of death worldwide. In 2015, 10.4 million people fell ill with TB and 

1.8 million died from the disease and over 95% of TB deaths occur in low- and middle-income countries and TB has 

been declared as an infectious fatal disease mainly among the developing countries includes Thailand [1] . In Thailand, 

161 of 100,000 people die due to TB [2]. This record makes Thailand has 2.5–4 times higher TB incidence than Europe 

and America regions. Later, spreading infection of TB must be controlled to decrease the mortality rate. 

Mortality data are the only national statistics source which provides information consistently and continuously. Not 

only for historical data, but also mortality data is fundamental to evidence-based health policy, monitoring and 

evaluation [3]. Government is using death data to see the huge pattern of population that could give coverage news to 

decide important policy such as public health, family plan, etc. Even though death certificate has been developed in 

current purpose and content within qualified procedure, it does not guarantee the document has good accuracy [4]. 

They assume that mortality information is accurate. 

Inaccuracy at mortality data often occurs in Death Registry (DR). Medical certifiers in countries heavily affected 

by human immunodeficiency virus (HIV) and acquired immunodeficiency syndrome (AIDS) can be pressured by 

family members not to mention AIDS on death certificates [5]. More often, errors are unintentional. Even in Western 

Europe, where medical certification of death is virtually universal, implausibly high proportions of deaths may be 
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attributed to causes thought to be particularly prevalent [6]. The study determined that only 65 per cent of the observed 

underlying causes named on the death certificates fell into the groups that were defined as indicating good agreement  

[4].  

In Thailand, 35% of all deaths occur in hospitals, and the cause of death is medically certified by attending 

physicians. About 15% of hospital deaths are registered with nonspecific diagnoses, despite the potential for greater 

accuracy using information available from medical records. Further, issues arising from transcription of diagnoses from 

Thai to English at registration create uncertainty about the accuracy of registration data even for specified causes of 

death. Procedures for death certification and coding of underlying causes of death need to be streamlined to improve 

reliability of registration data [7]. Ascertainment of cause for deaths that occur in the absence of medical attention is a 

significant problem in many countries, including Thailand, where more than 50% of such deaths are registered with ill-

defined. Routine implementation of standardized, rigorous verbal autopsy methods is a potential solution [8]. 

Logistic regression was used and the model had acceptable accurate prediction [9]. Logistic regression with 

dichotomous outcome variables is especially useful in clinical research [10] but it has limitation. Logistic regression 

models use linear combinations of variables and, therefore, are not adept at modeling grossly nonlinear complex 

interactions [11]. Decision tree as one of the popular methods is machine learning does not require any assumptions 

but also it does not consider about the correlation like statistical analysis. Moreover, machine learning with feasible 

process and cost-effective is widely used in computer science and other includes public health [12]. Nevertheless, a 

study which discusses about TB mortality using machine learning never been done before in Thailand. 

METHODOLOGY 

1. Data source 

This study used secondary data from a 2005 VA survey, which assessed the causes of death based on a sample of 

9,644 cases (3,316 in-hospital deaths and 6,328 outside-hospital deaths) from 28 districts in nine provinces [13]. The 

nine provinces selected were Bangkok and two provinces from each of the four regions in Thailand. The selected 

provinces were those whose numbers of reported deaths were above (one province) and below (one province) the 

median. Similarly, twenty-eight districts were selected from the provinces. This record provides 21 kinds of diseases 

but this study is only focus on TB case then records that die from TB coded as one (1) and others as zero (0). Other 

interesting valiables are age-gender group, Death Registry (DR), place of death (inside or outside hospital), and 

province where those variables were categorical variables and treated as determinants. All process used R program to 

manage and analyze the data. 

2. Decision Tree 

It is called decision tree because the technique of classification is constructed like a tree. This method is able to 

handle noisy data, continuous variables, variables with multiple (more than two) values, missing data, and classes with 

multiple values. The nature of the task for a decision-tree program is as follows: The dataset consists of a set of objects 

(also called observations), each of which belongs to a class. There is a set of attributes (also called variables) with each 

object having values for the attributes. The task is to use the attributes to find a decision tree that classifies the data 

appropriately. Since there is a large number of such a tree, the task is refined to find a small tree that classifies the data 

appropriately. If the set includes “noisy data" (variables whose values may not always be corrected) or if the attributes 

are not always sufficient to classify the data correctly, the tree should only include branches that are justified adequately. 

Decision tree works by recursively picking the attribute that provides the best classification of the remaining subset. 

That is, the program uses the whole data set to find the attribute that best classifies the data. Then for each subset 

defined by the values of the selected attribute, the process is repeated with the remaining attributes. Then the tree is 

pruned to eliminate branches that are not justified adequately. Thus, the two basic functions of a decision-tree program 

are 1) selecting the best attribute to divide a set at each branch, and 2) deciding whether each branch is justified 

adequately.  There are also multiple strategies for pruning the tree once it is generated. Normally a branch is pruned 

when the error introduced is within one standard error of the existing errors adjusted for the continuity correction [14]. 

First chosen variable by recursive partitioning is the most important variable, then go to the second variable and so on. 

The number of leaf could be controlled by using complexity parameter (cp) where smaller value of cp will give more 

leafs. 
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3. Logistic Regression 

Logistic regression analyses will be used to identify the association between determinants and outcome variable. 

The multiple logistic regressions take form as 

 

ln (
pi

1 − pi
) =  α + ∑ βixi

k

i=1
 

where pi denotes the expected probabilities of the outcome for participant i, α is intercept, xi through to xk refers 

to the determinants variables, βi through βk as regression coefficients where k is number of predictors. 

The difference of each factor variable will be compared to the overall percent of TB deaths by computing 95% 

confidence intervals. The adjusted proportion and the confidence intervals computed using weighted sum contrasts 

[15]. ROC curve will be created and used as a fundamental tool for diagnostic test evaluation. 

RESULTS AND DISCUSSION 

1. Decision tree 

195 of 9495 records which consisted of 21 major causes of groups were TB case with 2.1%. Even the number of 

outcome pretty small, the data were treated as original data. Decision tree had many parameters and one of important 

parameters was complexity parameter (cp). Small value for cp was chose to achieve bigger number of leaves. 48 leaves 

were appeared with cp 0.0007 where the c-val relative error got higher and 13 predictors were presented.    

 
Figure 1. Tree with cp 0.0007 
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Figure 2 CP 0.0007 with relative error 

 

To reduce relative error, cp must be changed to be bigger value where this process was called pruning the tree. 

However, the choosen value should confirm with model goodness-of-fit because by eliminating leaves, the number of 

predictors would be eliminated as well, then the cp must be chose properly. Cp with 0.0012 presented 20 leaves with 9 

chosen predictors.  

 
Figure 3. Tree with 0.0012 
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Figure 4 Confident interval of tree with cp 0.0012 

Those 20 leaves represented groups classified by decision tree where each group depicted in confident interval plot 

in Figure 4. Some groups had large standard error that might be caused those group did not have big enough sample 

size. Groups with small sample size and narrow space of prevalence were merged to reduce the error and increase the 

number of sample size. Regrouping was showed in Figure 5. 

 
Figure 5 Regouping by mustering 

Group 3, 7, 8, 13, group 4, 9, 10, 11, 12, 14, 15, 16 and group 17, 18, 19, 20 were united respectively. Figure 6 

depicted confident interval plot after regrouping that 7 groups were remained and 6 groups were significantly difference 

and those groups had acceptable standard error 
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Figure 6 CI plot from tree based group 

2. Logistic Regression 

Province, DR-reported, location of death, and age-sex group were categorical variables and treated as 

determinant where death due to TB or others was treated as binary outcome. Figure 7 showed that in province variable 

only Songkhla province was significant, in age-sex group, male age 5-39 and 50-59 were significant, and in location 

of death and DR-reported, almost all observation who die outside hospital were significant, then DR-reported as 

Tuberculosis and other definition group who die inside or outside also significantly difference. 

 

Figure 7 CI plot of logistic regression 
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3. Comparison 

Data were split into training set and testing set 70:30 respectively where training set was applied to build both 

models and testing set was employed to examine for each model. Classification accuracies were not different for each 

model where 98.08% for logistic and 98.15% for rpart (recursive partitioning) or decision tree, respectively. Area under 

curve of ROC also identified both model had similar performance. This might be caused of small number of 

observation.  

 

Figure 8a) classification accuracy of prediction; b) ROC curve of models 

 

CONCLUSION 

This study aimed  to compare the prediction performance between statistical i.e. logistic regression and machine 

learning method i.e. decision tree for TB deaths from verbal autopsy (VA) data in Thailand. Decision tree was more 

able to classified the significant variables rather than logistic regression. However, result of prediction accuracy and 

AUC of ROC curve stated that both models were not different. This might be caused of the number of observation was 

too small (only 2.1%) where in calculating classification accuracy this small number was divided into training set and 

testing set that decreased the number of TB cases. 

SUGGESTION 

For further study, apparently the data that would be analyzed is big enough otherwise the data should be increased 

with proper method. The further study could attempt some additional model in machine learning such as random forest 

and neural network that would give more evidence in prediction performance. 

a) b) 
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