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Abstract 
 

The association between the risk of liver cancer and blood chemistry was 

investigated in a cohort study with 95,150 men and women from two counties 

in Sweden. In 1963-65, blood tests and physical measurements were 

undertaken. All individuals were then followed up until 2007, and a total of 312 

were diagnosed with liver cancer. Using survival analysis and logistic 

regression, significant risk factors were identified. Stepwise Cox proportional 

hazards regression applied to a main effect model revealed that Glutamic 

Pyruvate Transaminase (GPT) and Thymol Turbidity (TYM) were the most 

significant risk factors (p<0.0001), followed by Protein-Bound Hexoses (HEX)  

(p=0.002), sex (p=0.02), and Serum Iron (p= 0.03). Increasing the level of GPT 

expressed in U/L from normal (<21) to slightly elevated (21, 31) or 

substantially elevated (>31) raised the hazard of experiencing liver cancer by a 

factor of 1.45 and 4.09, respectively. In addition, GPT was found to be the most 

significant risk factor in almost all age groups among both men and women. 

However, there was no evidence that elevated GPT levels within the normal 

range (<21), influenced the risk of liver cancer. Additional subgroup analyses 

revealed that TYM was highly significant within the group with normal GPT, 

and a high level of HEX (≥134 mg/dl) increased the hazard 1.55 times in 

comparison with the lowest HEX group (<115 mg/dl). BMI was significant 

only in the male subgroup  (p<0.01) and, in the obesity group, the hazard of 

experiencing liver cancer was 1.99 times higher than in the normal BMI group. 

A significant three-way interaction between GPT, BMI and gender was present 

(p=0.05) with a robust significant two-way interaction between GPT and BMI 

(p<0.01) in the male subgroup.
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1 Introduction  

1.1 Background   

 

Liver cancer is a fatal disease which is 2-4 times more common among men 

than among women (Bosch et al., 2004). The incidence varies with 

geographical region and races, and several developed countries have recently 

been facing an increased rate. In some high risk areas, liver cancer may occur 

at 20 years of age, whereas in low risk areas the incidence normally starts to 

increase after 50 years of age. The causes of liver cancer remain unclear but the 

hepatitis virus, aflatoxin, and alcohol are generally believed to be important 

risk factors (Bosch et al., 2004). Furthermore, obesity, diabetes, non-alcoholic 

fatty liver disease, and some chemicals (such as arsenic) have been suggested 

to increase the risk (Bosch et al., 2004). Gender and cirrhosis may also play a 

role (Wallerstedt, 1998).  

 

Liver cancer is curable by surgery or liver transplantation if diagnosed at an 

early stage, whereas at later stages it is inevitably lethal. Typically, primary 

liver cancer causes no symptom at all at an early stage.  Therefore, it is very 

important to find early markers or risk factors. 

 

Although signs of liver cancer cannot be discovered by external inspection in 

an early stage, blood chemistry might be a potential way to identify persons at 

risk. Hence, this study focuses on potential risk factors, such as Glutamic 

Pyruvate Transaminase (GPT), Glutamic Oxalacetic Transaminase (GOT), or 

Thymol Turbidity (TYM), which are all regarded as indicators of liver 

problems.  

 

Many studies have been done for determining the risk factors in liver disease 

(including cases of liver cancer), and most of them have examined the hepatitis 

B and hepatitis C virus group (Walter et al., 2011). Others focused on different 

levels of body mass index or alcohol consumption (Hart et al., 2010). Only a 
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few studies directly investigated the relationship of blood chemistry with liver 

problems. In the United States, a study was conducted to determine the 

relationship of GPT with mortality, and the result indicated that GPT increases 

liver disease mortality (Ruhl et al., 2009). The ratio between GPT and GOT 

was studied in Sweden with the result that a high ratio indicated advanced 

alcoholic liver disease (Nyblom et al., 2004). A similar study was conducted on 

a large population in Korea in order to determine the relationship between 

Serum aminotransferase (GPT) and the risk of mortality from liver disease and 

cancer; however, the study did not have sufficient liver cancer cases for 

drawing a distinct conclusion in a female group (Kim et al., 2004).  

 

Nevertheless, none of the previous studies were conducted from mass health 

screenings with almost 100,000 people and 45 years of follow-up. In addition, 

the blood chemistry tests obtained in this study are relatively common. The 

obvious advantage is that people who are at risk according to the analysis can 

be identified and acknowledged for further specific analyses, such as 

ultrasound or annual health checkups.  

 

Survival analysis is the main methodology for analyzing this dataset. 

Estimating survival curves from the Kaplan-Meier Estimator provides a good 

illustration of survival times among different groups for a single covariate. The 

Cox regression allows for multivariable analysis with the proportional hazards 

(PH) being a main underlying assumption. However, extending the Cox 

regression can be done if the PH assumption is violated. Another common 

method, logistic regression, is also applicable because the response is a 

categorical variable (liver cancer or no liver cancer). Subgroup analyses are 

performed splitting the population with respect to gender, age groups and 

combinations of age groups, gender, and Glutamic Pyruvate Transaminase 

groups. 

 

 



 4 

1.2 Objective  

 

This thesis has three main objectives: 

1) To investigate whether blood chemistry and simple physical 

measurements can serve as indicators of elevated risk of liver 

cancer. 

2) To determine how the risk of liver cancer varies with the levels 

of the most significant risk factors.  

3) To explore risk factors in the following subgroups: 

o Men and women 

o Different age groups 

o Different combinations of gender and age groups 

o Glutamic Pyruvate Transaminase groups 
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2 Data  

2.1 Data Sources  

 

Between 1963 and 1965, the Värmland survey, a large screening health survey, 

was conducted in Sweden according to the National Board of Health’s proposal 

in 1961. Due to the improvement in laboratory techniques, the mass health 

screening was considered to be possible. All inhabitants within three districts of 

Värmland and one district of Gästrikland were invited to take the survey, in 

total more than 100,000 people. The minimum age was set at 25 years; 

however, a small number of individuals, who were younger than 25, also took 

part in the survey (Törnberg, 1987). 

 

 The survey consisted of a questionnaire, physical measurements, and blood 

analyses. The questionnaire consisted of six questions related to clinical 

history, such as diabetes, infection, etc. The physical examination included 

measurement of height and weight, blood-pressure measurement and urine 

analysis. After coagulation and centrifugation of the blood samples, blood-

serum was taken into tubes and placed in a chill box before transporting to an 

automated analytical laboratory in Stockholm. The analytical values on blood 

chemistry were noted and delivered with great precision in a timely manner 

(Sergeant, 1971). 

 

2.2 Raw Data 

 

The raw data contains 97,275 observations, which consist of 48,357 males and 

48,918 females in the screening. Missing values were examined for each 

variable. Observations that contained a missing value were removed. In 

addition, some observations which have the death date before the diagnostic 

date were deleted. A range check was also performed in each covariate to make 

sure that the observations were within a certain range. Observations which 

were outside the range were removed. After the above processes, there were 34 
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variables, and 17 were considered as predictors with 95,150 observations in 

total. 

2.3 Secondary data 

 

In order to investigate the hazard (risk) of liver cancer, having liver cancer is 

the event of interest in the model; hence, one more variable was created in the 

model, with ‘1’ representing having liver cancer and ‘0’ representing not 

having liver cancer. The event of interest in this analysis is a rare occurrence 

with only 312 observations experiencing the event. 

 

Primary liver cancer was defined as ICD7 code 1550 and 156. We decided to 

apply the diagnosis status instead of the death certification as the event of 

interest because of two main reasons. Firstly, cause-of-death statements are 

claimed to be unreliable and inaccurate sources of information (Smith et al, 

2000). In cancer studies, metastasis normally coincides with a primary cancer 

which results in an unclear cause-of-death. Secondly, International 

Classification of Diseases (ICD), which was registered in this dataset for the 

death certificate has been changed over time. The code was initiated with the 

seventh version (ICD-7) and been has been developed to the latter version 

(ICD-10) with an unclear period of change, while the diagnosis status which 

applied the seventh version (ICD7) remained unchanged.  

 

Applying survival analysis also requires a time variable. We considered the 

time from the beginning of the study in 1963-1965 until: experiencing the event 

of interest, losing the follow-up due to any reasons, or the last day of follow-up 

on 23 August 2007 (median 31 years, maximum 45 years). 

 

Table 2.1 displays the potential risk factors and their properties, and Table 2.2 

shows the baseline characteristics of potential risk factors. 

 

 



 7 

Table 2.1: Potential risk factors and their properties 

Covariates  Properties  

Glutamic Pyruvate  

Transaminase (GPT)  

or Alanine  

transaminase (ALT) 

An enzyme ordinarily found in liver cells.  In normal status, 

small amount of GPT are appeared in blood.  When the liver 

(cells) is damaged, GPT is increased in the bloodstream. GPT 

is also found in other organs such as muscles, heart and 

kidneys. However, the most raise in GPT is normally from 

liver damage such as viral hepatitis.  

 

Glutamic Oxalacetic  

Transaminase (GOT)  

or Aspartate transaminase  

(AST) 

Another enzyme related to liver cells. GOT is found when the 

liver is damaged, but GOT is not specific only for the liver. It 

is also in other parts of the body such as red blood cells, 

cardiac, lung and kidneys.  

 

Thymol Turbidity 

 (TYM) 

 

Thymol turbidity is a test for diagnosis of dysfunctions of the 

liver. Increasing in level can indicate liver inflammation, 

cirrhosis, hepatitis and cancers. 

 

Protein-Bound Hexoses  

(HEX) 

Raising level of protein bound hexoses is found in a series on 

infections. 

 

Serum Creatinine 

 (KRE )  

Creatinine is a disintegration of creatine which is primarily 

found in muscle. Increasing levels might indicate kidneys 

damaging. 

 

Serum Iron  

(S-FE) 

Serum iron is a test for measuring the amount of circulating 

iron in blood. 

 

Body Mass Index 

(BMI)  

Body mass index is a number calculated from an individual’s 

weight and height which provide an indicator of body fatness. 

 

Zinc sulphate  

(ZIN) 

Zinc is a natural mineral and is important for the development 

of body tissues. 

 

Sialic acid 

 (SIA) 

Sialic acid is a component of complex chemical structures in 

the human body. It is considered to be a marker for some 

diseases also with cancers. 

 

Beta-lipoprotein 

(BLP) 

Beta-lipoprotein is a lipoprotein that transports cholesterol in 

the blood. It is associated with the risk of heart disease. 

 

Hemoglobin  

(HB) 

Hemoglobin is the iron-containing protein to red blood cells. 

The main responsibility is to transport oxygen from the lungs 

to the body.  

 
 

Cholesterol (KOL) 
 

Cholesterol is a combination between fat and steroid which is 

created in the liver 
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Table 2.1: Potential risk factors and their properties (Cont.) 

Covariates Properties  

Urinary glucose 

(URIN_ SOC) 

Urinary glucose might indicate diabetes. 

Urinary albumin 

 (URIN_AGG) 

Urinary albumin might indicate diseases of the kidney and 

other parts of the urinary system. 

 

SEX (SEX) Male or female 

 

Systolic blood pressure 

 (BLOD_SYS) 

A maximum blood pressure  

Diastolic blood pressure  

(BLOD_DIA) 

A minimum blood pressure  

 

 

 

Table 2.2: Baseline characteristics of potential risk factors 
 
 

Covariates Unit Mean  Std Dev. Min Max 

AGE years 49.06 14.15 22 99 

GPT U/L 18.07 7.32 2 240 

GOT U/L 22.74 6.36 2 255 

TYM unit 3.086 2.04 1 44 

HEX mg/dl 124.64 12.63 22 250 

KRE mg/dl 12.24 2.03 1 70 

S-FE µg/dl 92.64 31.74 5 380 

BMI kg/m
2 

25.02 3.46 13.59 62.90 

KOL mg/dl 252.26 41.16 76 776 

ZIN µg/dl 7.44 2.26 1 41 

BLP mg/dl 12.07 3.32 1 36 

SIA mg/dl 69.54 8.29 1  165 

HB g/l 139.87 13.70 30 207 

 

 

 

Table 2.3 demonstrates the Pearson correlation coefficient among the 

covariates. Note that the correlation between GPT and GOT is strong with a 

correlation coefficient equal to 0.73. In addition, SIA and HEX have a high 

correlation with a value of 0.72. 
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Table 2.3: Correlations among the potential covariates 
 

 
 

 

Figures 2.1 and 2.2 display the percentage of observations for each GPT level’s 

contribution to each BMI level in male and female subgroups. It can be noticed 

that the levels of BMI might modify the effect of GPT. A few studies also 

suggested that BMI is a predictor of GPT levels (Adams et al., 2008), and GPT 

associated with waist circumference (Fraser et al., 2007). 

 

 
 

Figure 2.1: Displays the percentage of observations for each GPT 

level’s contribution to each BMI level in the male subgroup 
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Figure 2.2: Displays the percentage of observations for each GPT 

level’s contribution to each BMI level in the female subgroup 

 

Figure 2.3 and 2.4 illustrate the percentage of observations for each TYM 

level’s contribution to each BMI level in the male and female subgroups. It is 

important to note that the effect of BMI on TYM is similar to the effect of BMI 

on GPT in both genders.  

 

 
 

Figure 2.3: Displays the percentage of observations for each TYM 

level’s contribution to each BMI level in the male subgroup 
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Figure 2.4: Displays the percentage of observations for each TYM 

level’s contribution to each BMI level in the female subgroup 
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3 Methods  

3.1 Survival Analysis  

 

Survival analysis is a collection of statistical techniques used to analyze time-

to-event data. The event under consideration is a qualitative alteration with 

time, such as a change in the status of a patient from alive to dead. Time is 

defined from the onset of the study until the occurring events or to the last day 

of follow-up. Conventional regression models are not suitable for survival data 

because of censoring, unequal length of follow-up, and skewed distributions. 

For instance, length of follow-up is omitted from the model when logistic 

regression model is applied for survival data (Allison, 2010). 

 

Censoring occurs when an observation is incomplete. Right-censoring has been 

widely applied in most survival datasets. It occurs when an observation 

terminates without experiencing the event of interest or when an observation is 

followed up until the end of the study with no outcome of interest. Left-

censoring happens when the starting of time is not observed. Most survival 

datasets usually have only right censoring (Hosmer and Lemeshow, 1999). 

3.1.1  Survivorship Function  

Survival function or survival distribution function is the probability of 

surviving beyond a particular point of time or being event free at time ‘t’ 

(Vittinghoff et al., 2005). It can be defined as: 

 ( )   (   )   (                        )  

 ‘t’ is some stated value of  time. 

 ‘T’ is the observing of a survival time. 

The Kaplan-Meier estimator is a non parametric method for estimating survival 

functions from survival data. Both uncensored and censored observations can 

be integrated into the model. A series of time intervals are constructed with 

each interval containing only one observed event time. The Kaplan-Meier 

estimator of the survivor function at time ‘t’ is given by 
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 ̂( )   ∏(
     

  
)

 

   

 

    is the number of individuals who are at risk of an event. 

    is the number of individuals who experience the event of interest at 

time   . 

The result from the Kaplan-Meier estimator is usually of interest when the 

study is separated into different treatments or subgroups such as gender or age 

groups. Graphing the Kaplan-Meier estimator for the survival function in each 

group is always a fundamental approach to initiate the comparison. The most 

frequently used statistical tests which have been applied to this problem are the 

non-parametric Mantel-Haenszel (or the log-rank test) and the Wilcoxon test 

(Collett, 2003). 

  

Plotting the Kaplan-Meier survival function for each group is important 

because the non-parametric tests mentioned above have less power when the 

plotting lines cross over each other (Hosmer and Lemeshow, 1999). Two 

alternatives of the Kaplan-Meier estimator of the survivorship function are life-

tables and Nelson-Aalen estimates of the survivor function (Collett, 2003). 

3.1.2 Hazard and Hazard Ratio 

Hazard ( ( )) is defined as an incident rate or a mortality rate at a particular 

point of time ‘t’. In other words, hazard is a rate which is assumed not to be 

constant throughout the period. Cumulative hazard ( ( )) is the aggregate of 

hazard up to time ‘t’. Hazard ratio (  ( )) is the proportion of the hazard 

between groups. For instance, the hazard ratio between male and female can be 

defined as  ( )  
     ( )

       ( )
 . The relationship between hazard and survival 

is  ( )      ( ) (Kirkwood and Sterne, 2003). 
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3.1.3 Cox Proportional Hazards Model 

The Cox proportional hazards model is recognized as the most common 

framework for survival data. There are some advantages over non-parametric 

procedures. In particular multivariable analyses can be performed. Many type 

of variable selection methods are also implemented such as stepwise, forward 

elimination, and best subsets. Right-censoring and continuous covariates can be 

incorporated into the model. In addition, the distribution of the baseline hazard 

function need not to be specified, but the model hazard functions normally 

required to be proportional for the entire period. However, if stratification or 

other techniques are used, the model can also be applied to the non-

proportional hazards. In general, the regression coefficients are estimated by 

partial likelihood method (Allison, 2010). The Cox model can be written as:  

                                          ( )    ( )    (   ) 

 The function   ( ) represents the baseline hazard function where the 

vector of covariates is equal to 0 (    ). 

   is the vector of regression parameters related to the covariates 

estimated by maximum partial likelihood method.    is the vector of 

covariates.  

 The function   ( ) is the hazard function for the  th individual at time t 

for covariates   . 

It can also be written as: 

     ( )       ( )                

The proportional hazard model can be considered as a linear model for the 

logarithms of the hazard ratio (Collett, 2003). There is no constant term    in 

the model as constant hazard is unrealistic. The estimated baseline hazard 

function of time (     ( )) is applied instead (Dickman, 2005). 

 

Hazard ratio can be obtained by anti-logged coefficients. The equations below 

illustrate the reason why anti-logged coefficients result in hazard ratio: 

When X= k; then    ( )    ( )    (  )  When X = k+1; then  ( )  

  ( )    ( (   )) 



 15 

  ( )  
  ( )    ( (   ))

  ( )    (  )
  ( (   )) (  )     

(Singer and Willett, 2003). 

3.1.4 Variable Selection in a Cox Regression 

The methodologies for variable Selection in the Cox Regression commonly 

used in medical research are listed below: 

 Using significance test: 

o Forward, Backward, and Stepwise selection method 

o Best subset selection: The model implemented in the software 

package SAS is based on the global score chi-square statistics. 

The higher the value of the score chi square, the better the model 

is. This procedure aims to find best subsets of predictors by 

examining the results of several different sequential model 

selections. 

 Forced Entry is the method when the entering variable depends on prior 

research or knowledge. Although some of the important variables are 

not significant, they are sometimes included into the final model due to 

the researcher’s adjustment. 

Typically, design variables and influential known variables are introduced into 

the model by forced entry. Query variables of uncertain influence are selected 

by significance tests because the effect on the response variable is not known 

and needed to be assessed (Machin et al., 2006). 

 

3.1.5 Estimating Parameters in the Cox Regression 

Partial Likelihood is the method for estimating parameters in the Cox 

regression. It is similar to Maximum Likelihood estimation which consists of 

two procedures: Firstly, a partial likelihood function is created. Then, the 

numerical process is conducted for finding the unknown parameters that 

maximize the partial likelihood function. Each observation contributes to the 
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construction of the partial likelihood function for an individual i’s hazard at 

time as:  

                                    
 (   

 )

∑  (   
 

               
 )

 

Only the observation who experienced the event contributed directly to the 

partial likelihood. The censored observation, in contrast, contributes indirectly 

to the partial likelihood through the denominator as long as they are still at risk 

before getting censored. The cases that experience the event or censored are 

also removed from the denominator because they are no longer at risk (Singer 

and Willett, 2003).  

                    ∏  

 

   

  ∏
 (   

 )

∑  (   
 

               
 )

            
           

 

 Because of   ( )    ( )    (   ), and the baseline hazard can be factored out, 

so we obtain:  

  ∏
 (             )

∑  (             )               
 

            
           

 

(Singer and Willett, 2003). 

3.1.6 Proportional Hazard (PH)  

Proportionality assumption is a main underlying assumption of the Cox 

proportional hazards model. It assumes that the hazard ratio between two 

groups is constant over time. Assessing the PH assumption can be done by 

using Schoenfeld residuals. Each covariate provides a different set of 

Schoenfeld residuals. If the PH assumption is valid, the Schoenfeld residuals 

should be independent of time (Allison, 2010). 

 

Under the PH assumption, the effect of each covariate remains unchanged over 

the entire period. If the effect varies with time, then the PH assumption is not 

satisfied. Ignoring the PH assumption leads to a coefficient which has an 

average effect over a period of time (Allison, 2010). 
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Although the Cox regression model is usually used under the proportional 

hazard assumption, the assumption may not hold in some datasets. Two 

methods for relaxing the assumption are stratification or inclusion of 

interactions with time as covariates. Applying stratification is the most useful 

method when the covariate which has an interaction with time is not the main 

interest or the covariate takes merely a few different values. The model is 

applied with the multiple baseline hazard function. The general term of 

stratification can be displayed as:  

    (   )        (  )                  

Each stratum has its own baseline hazard function (with subscript ‘s’ in the 

above equation), while each beta (the coefficient of X) is the same for all strata 

(Singer and Willett, 2003). 

 

3.1.7 Test for Assessing Model 

Wald Test 

A Wald test for the null hypothesis            implies that the hazard ratio is 

equal to one or there is no difference in the hazard rate between two groups. It 

can be computed by using the estimated of   ( )̂ and the standard error of 

estimated   (S.E. ( ̂)). The Wald chi-square test is originally based on the 

quadratic approximation to the log likelihood ratio (Kirkwood and Sterne, 

2003); therefore  

        (
 ̂

  ( ̂)
)                 

Taking the square root of the Wald chi-square test, the Wald test is  

  
 ̂

  ( ̂)
    (   ) 

This test is used to assess each covariate in order to check which covariates are 

significant and should remain in the model. It is also capable of determining the 

additional variable in the model. The higher Chi Square value, the better or 

more significant covariates contribute to the model  
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Likelihood Ratio Test  

Likelihood Ratio Test is a statistical test for comparing the fit of two models, 

the null model and alternative model.  The Likelihood Ratio Statistics can be 

performed by computing: 

          (                )      (          )               

                                      

                                             

(Kirkwood and Sterne, 2003). 

 The Likelihood ratio test is usually used to compare nested models. The null 

hypothesis of the test is                      where X1, ... , Xk are 

newly added predictors whose effect to the model shall be determined. 

Accepting the null hypothesis can be interpreted as no improvement in the fit of 

the model after including the extra k predictors. Likelihood Ratio statistics for 

nested model comparison can be expressed as: 

          (                )      (              )               

                                      

                                            

(Kirkwood and Sterne, 2003). 

AIC 

Akaike’s information criterion (AIC) is also used for model section and is 

similar to -2 Log (Likelihood). The basic idea of AIC is based on penalizing the 

likelihood functions (Olsson, 2002). The lower the AIC value the better the 

model you have obtained:  

          ( )      

 Log L(M) is the maximized log likelihood for the fitted model 

 K is the number of covariates including the intercept. 

 C is a penalty factor (For AIC, C=2) 

From the above equation, the first term is used for measuring the model’s lack 

of fit, and the second term is for penalizing the additional parameters in the 

model (Beal, 2005). Note that all models which were used for comparison must 

be constructed from the same dataset (Collet, 1994). 
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3.2 Logistic Regression  

 

Logistic regression is a generalization of linear regression. It is usually 

considered as a primary statistical model when the model has a qualitative or 

categorical response.  The response might have two categories (yes, no), three 

categories, or more with order (low, medium, high) or without order (yes, no, 

and uncertain). The predictor variables may take categorical or continuous 

variables, and multiple predictors can be considered in the model. 

 

A logistic model is usually used in medical research when the response variable 

is binary, such as dead or alive or having or not having a disease. The response 

(Y) is normally represented by 0 and 1, with 1 indicating an event or 

experiencing an outcome (death or having a disease) and 0 indicating no event. 

In an ordinary situation, a logistic model is required when the probability that 

the event will occur is needed in order to classify a new individual or, in other 

words, when we need to predict the outcome in terms of probability given a list 

of factors. However, we sometimes need to understand factors that resulted in 

an event so we model Pr(y=1|X), the probability of an event given the value of 

the factors X = X1, X2... XP (Hastie et al., 2001).  

 

Assuming  ( )    (   |   ) or the probability of an event of interest, 

then the logit link is applied to transform the response probability from an s-

shape curve with range of 0-1 into (    ) range: 

       ( )      (
 ( )

   ( )
) 

Then, the logistic regression model is  

       ( )                   

And the predicted probability can be obtained by computing: 

 ̂( )  
   ̂   ̂       ̂  

     ̂   ̂       ̂  
 

This somehow looks similar to a linear regression, but the underlying 

assumption based on binary and binomial model. In addition, the regression 
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coefficient cannot be estimated by minimizing the sum of squared residuals. 

Instead, maximum likelihood estimation is applied to find the regression 

coefficients (Olsson, 2002). 

 

By taking exponential functions of the regression coefficient ( ), the odds ratio 

is obtained. It represents the ratio of the odds of an event in one group to 

another group. If an event of interest occurs with probability    in the first 

group and    in the second group, the odds ratio can be defined as: 

   
   (    )

   (    )
 

For a nominal predictor, the obtained odds ratio from the regression coefficient 

is used for comparing one category with another, such as comparing males and 

females with respect to the risk of getting liver cancer. If the odds ratio is equal 

to one, it means that the event of interest has the same odds in both groups. 

When the odds ratio is above one, the event of interest is more likely for the 

first group than the second group. In contrast, an odds ratio below one can be 

interpreted to mean the event of interest is more likely for the second group 

than the first group.  

 

In an interval predictor, the regression coefficient provides the odds of the 

event of interest when the explanatory variable has a one-unit difference. The 

strategy for interpreting the odds ratio is to subtract by one and multiply by one 

hundred which yields the change (increase or decrease) in percentage.  

 

3.3 Standardized Regression Coefficients  

 

If the covariates are in different units, the association between risk factors and a 

response might not be comparable. This is because the size of the odds ratio or 

hazard ratio depends on the units which the variable are measured. One 

possible solution is to apply standardized regression coefficients which can be 

obtained multiplying the estimated regression coefficient with its standard 
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deviation. The major advantage is that comparing the effect of different 

predictors to the response can be determined. In addition, this is also applicable 

for comparing the same covariate from different datasets (Newman et al., 

1991). 
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4 Results  

4.1 Survival Analysis  

4.1.1 Main Effect Model (The Cox Regression Model) 

Cox proportional hazards models were applied to find significant predictive 

factors. The strategy for variable selection for the Cox Regression was based on 

significant tests in order to determine the influence of each covariate on the 

response. The first set of variables was obtained from automatic selection 

methods. Note that the forward, stepwise and backward selection yielded the 

same covariates from this dataset. The latter three sets of variables were 

obtained from the best subset selection method by SAS, using the highest 

significance Score Chi-Square criteria. The entire result on the best subset 

method can be found in Table A-1 in the Appendix. The list of variables for 

each model is displayed in Table 4.1. 

 

Table 4.1: Variable selection methods and results 

No. Method  DF Variables included in the model 

1 Automatic Selection  

(Forward, Stepwise, Backward) 

6 AGE GPT TYM HEX SEX S-FE 

2 Best Subset with 6 covariates 6 AGE GPT TYM HEX KOL GOT 

3 Best Subset with 7 covariates 7 AGE GPT TYM HEX KOL GOT KRE 

4 Best Subset with 8 covariates 8 AGE GPT TYM HEX KOL GOT KRE S-FE 

 

We then compared the Akaike Information Criterion (AIC) for each model, and 

the result is displayed in Figure 4.1. Lower AIC value indicates a better fit; 

hence, the automatic selection method provided a better model because the AIC 

value was at the lowest. The final set of covariates for the main effect model 

consisted of AGE, GPT, TYM, HEX, SEX and S-FE.  
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Figure 4.1 Comparisons of various model section methods 

 

Figure 4.2 displays comparisons of the risk factors for the entire survival 

model. The Y-axis represents the Wald Chi-Square and the X-axis indicates the 

significant risk factors. The dashed line in the plot indicates the 5% 

significance level on one degree of freedom with a Chi-Square value equal to 

3.84 or p-value equal to 0.05. The value for making a comparison among 

covariates was estimated by the Wald Statistic with an approximation of Chi-

Square for one degree of freedom. The higher Chi Square value, the more the 

covariate contributes to the model.   

 

 

Figure 4.2 Comparisons of Chi-Square values in the main effect model. 
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The result from the main effect model shows that AGE was the most significant 

covariate. This was not surprising because, intuitively, older people are more 

likely to experience cancer compared to younger people. GPT was also highly 

significant, whereas TYM and HEX were moderately significant. S-FE and 

SEX were of borderline significance.  

Note that the result obtained with the main effect model did not take the 

validity of the proportional hazards (PH) assumption into account. Therefore, 

the estimated effect of AGE shall be interpreted as an average effect of age 

over a period of time. 

 

Checking the proportional hazards assumption for the main effect model 

Proportional Hazards Assumption was checked by determining correlation 

between Schoenfeld residuals and time. Table 4.3 illustrates that the variable 

AGE did not follow the PH assumption due to the strong significance level of 

correlation between Schoenfeld residuals and time. Therefore, stratification 

was applied to handle the Non-PH variable.  

 

Table 4.3: Correlation coefficients between Schoenfeld residuals for each 

covariate and variable ‘time’ 

 Correlation 

(With Time) 

      | | 

AGE  -0.280 <0.001 

GPT -0.013 0.826 

TYM -0.030 0.593 

HEX 0.002 0.976 

S-FE 0.120 0.03 

 

Figure 4.3 illustrates the comparison of the Chi-Square values for the full 

survival model with stratification. GPT was the most significant. TYM also had 

a relatively strong significance. HEX had a moderate significance, while SEX 

and S-FE were of borderline significance. 
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Figure 4.3: Comparison of the Chi-Square values within the main effect model 

after stratification 

 

Table 4.4 displays hazard ratios for the full survival model with stratification. 

The hazard ratio for variable GPT was equal to 1.025. This means that, with an 

additional unit (U/L) of GPT, the hazard of experiencing liver cancer was 

increased by 2.5%. The 95% confidence interval of the hazard ratio for GPT 

was also given with a possible range of the hazard (risk) of having liver cancer 

as large as 3.1% or as small as 1.9%. Increasing one unit of TYM would also 

raise the hazard of contacting liver cancer by 8.1% with a possible range from 

4.3% to 12%. Increasing one milligram per deciliter in HEX yielded an 

increase in the hazard of experiencing liver cancer by 1.4% with a possible 

range from 0.5% to 2.3%. The obtained hazard ratio of having liver cancer for 

females relative to males was 0.765. This could be interpreted as females 

having a 23.5% lower hazard of having liver cancer in comparison with males. 

Raising one microgram per deciliter of Serum iron (S-FE) might result in an 

increase in the hazard of liver cancer by 0.4% with a possible range from 0% to 

0.7 %. 

 

 

 

 



 26 

Table 4.4: Results of Cox’s multiple regression for the main effect model 

Variable Hazard Ratio 95% CI Lower Bound 95% CI Upper Bound P -value  

GPT (U/L) 1.025 1.019 1.031 <0.0001 

TYM(Units) 1.081 1.043 1.120 <0.0001 

HEX(mg/dl) 1.014 1.005 1.023 0.0025 

SEX 0.765 0.609 0.961 0.0212 

S-FE (µg/dl) 1.004 1.000 1.007 0.0369 

 

However, the result from Table 4.6 may not be applicable for comparing the 

effect of the covariates contributing to the dependent variable because their 

scales of units were different. Solving the problem by implementing the 

standardized coefficient yields the results in Table 4.5. 

 

Table 4.5: Results of Cox’s multiple regression for the main effect model with 

standardized coefficients 

Variable Hazard Ratio 95% CI Lower Bound 95% CI Upper Bound P -value  

GPT  1.201 1.152 1.252 <0.0001 

TYM 1.172 1.089 1.261 <0.0001 

HEX 1.192 1.064 1.335 0.0025 

SEX 0.765 0.609 0.961 0.0212 

S-FE  1.119 1.007 1.244 0.0369 

 

Table 4.5 shows hazard ratios estimated by computing standardized regression 

coefficient. With a unit increase in GPT, HEX, TYM, and S-FE, the hazard was 

increased 20, 19, 17, and 12% respectively. This shows that GPT was the most 

influential factor. HEX had a slightly lower effect, followed by TYM and S-FE. 

 

Note that the narrow confidence interval shows the precision in which the 

result is able to estimate the actual effect sizes; in other words, the narrower the 

confident interval, the more certain and precise you are regarding the obtained 

result. Table 4.5 shows that GPT had the narrowest confidence interval among 

covariates; therefore, the most certain variable for the predictive factor of liver 

cancer was GPT. 
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Table 4.6: Hazard ratio for liver cancer by GPT and HEX 

 

Covariates 

Total Study (n=95,150) 

Liver 

cancer 

cases 

Participants Hazard Ratio 95%  

confidence interval 

P-value 

GPT(U/L)      

     Normal (<21)1 182 69,587 1 (Reference) - - 

     Slightly Elevated (<31) 82 20,893 1.449 (1.105-1.901) 0.0074 

     Elevated  (>=31)2 48 4,670 4.088 (2.908-5.746) <0.0001 

HEX(mg/dl)      

     Quartile1(<115) 44 16,002 1 (Reference) - - 

     Quartile2 (<=125) 107 32,611 1.198 (0.843-1.704) 0.3133 

     Quartile3(<134) 77 25,172 1.116 (0.768-1.704) 0.5640 

     Quartile4(>=134) 84 21,365 1.546 (1.059-2.259) 0.0241 

 

Cox’s multiple regression was again carried out, while GPT and HEX were 

grouped into class intervals in order to compare the effect of the reference level 

(normal level) with the remaining levels. Table 4.6 displays the association of 

GPT and HEX with liver cancer in details. By setting normal GPT level as a 

reference, a slight increase of GPT yields a 44% higher hazard of experiencing 

liver cancer. In addition, GPT with the fully elevated level caused 

approximately 300% higher hazard (risk) of having liver cancer compared to 

the reference group. The obtained results were also strongly supported by the p-

values. 

 

HEX was separated into the quartile levels. The normal level of HEX (<=125) 

was in-between the first and the second quartile. Using the first quartile as a 

reference and making a comparison with the remaining levels, high level of 

HEX (>=134) increased the hazard of experiencing liver cancer by 54% with a 

moderate significance level. 

 

 

 

 

                                                 
1
 Merck Medical Manual criteria 

2
 Kim et al. Suggested criteria 
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4.1.2 Main Effect Model (The Kaplan-Meier Estimator) 

Although it is not possible to generate a survival function plot from the Cox 

regression when the dataset does not sastify the PH assumption, the estimated 

Kaplan Meier (K-M) survivor function based on non-parametric approach can 

be applied for illustrating the effect of each covariate versus time.  

 

Covariate: GPT  

 

Figure 4.4: The Kaplan-Meier estimate of the survival function for the liver 

cancer data with the difference between GPT groups 

 

The dataset was divided into 2 groups with a normal GPT group at the 

screening (from 1 to 21 U/L), and an elevated GPT group at the screening 

(more than 21 U/L)
3
. The survival function plot was applied to illustrate the 

significant difference between GPT groups. After 10 years of follow-up, the 

survival curve began to separate between the normal and the elevated group, 

and in the later years the shift expanded significantly. The elevated GPT group 

at the screening experienced more liver cancer incidences after 10 years in 

comparison with the normal GPT group. Table 4.7 displays the non-parametric 

statistics tests, which strongly confirm that the two strata were significantly 

different. 

                                                 
3
 Merck Manuals Medical Criteria 
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Table 4.7:  Results of the homogeneity test (Log–Rank and Wilcoxon) across 

the strata for GPT 

Test of Equality of Strata 

Test Chi-Square DF Pr>Chi-Square 

Log-Rank 34.2260 1 <0.0001 

Wilcoxon 30.4671 1 <0.0001 

 

Covariate: HEX 

 

Figure 4.5: The Kaplan-Meier estimate of the survival function for the liver 

cancer data with difference between HEX groups 

 

The dataset was classified into two groups with a normal HEX group (from 22 

to 125 mg/dl) and an elevated HEX group (more than 125 mg/dl)
4
 . Figure 4.5 

illustrates the survival curves, which slightly expanded throughout the period 

with a significant difference evident over time. The statistics tests confirmed 

the result, displayed in Table 4.8.  

 

Table 4.8:  Results of the homogeneity test (Log–Rank and Wilcoxon) across 

the strata for HEX 

Test of Equality of Strata 

Test Chi-Square DF Pr>Chi-Square 

Log-Rank 9.4841 1 0.0021 

Wilcoxon 11.0383 1 0.0009 

 

                                                 
4
 South Asia Journal of Family Medicine Criteria 
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Covariate: TYM 

 

Figure 4.6: The Kaplan-Meier estimate of the survivor function for the liver 

cancer data with difference between TYM groups 

 

 The dataset was also divided into two groups with a normal TYM group (from 

1 to 5 units), and an elevated TYM group (more than 5 units)
5
. Figure 4.6 

displays no obvious difference between TYM groups after the screening for 20 

years; nevertheless, the significant shift could be seen in the later years (>20 

years). The test of equality of strata in Table 4.9 suggests the results of both 

non-parametric tests were non-significant. 

 

Table 4.9:  Results of the homogeneity test (Log–Rank and Wilcoxon) across 

the strata for TYM 

Test of Equality of Strata 

Test Chi-Square DF Pr>Chi-Square 

Log-Rank 3.3299 1 0.0680 

Wilcoxon 3.9072 1 0.0481 

 

4.1.3 Interaction 

Interaction occurs when the effect of a covariate on the outcome is modified by 

the value of other covariates. Statistical testing is normally used for assessing 

the interaction. An interaction between GPT and BMI was added in the main 

                                                 
5
 Dodds , Thymol Turbidity Test Criteria 
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effect model with fixed covariates. Table 4.10 shows the obtained results when 

the interaction was introduced into the model which was of borderline 

significance (p-value=0.0471). 

 

Table 4.10: Results of Cox’s multiple regression for the main effect model with 

the interaction 

Variable Hazard Ratio 95% CI Lower Bound 95% CI Upper Bound P -value  

GPT*BMI 1.001 1.000 1.003 0.0471 

GPT 0.987 0.949 1.027 0.5257 

BMI 0.991 0.946 1.039 0.7106 

TYM 1.078 1.039 1.117 <0.0001 

HEX 1.013 1.004 1.023  0.0047 

SEX 0.757 0.603 0.951  0.0169 

S-FE  1.003 1.001 1.007  0.0457 

 

Figures 2.1 and 2.2 suggest that the interaction may be stronger in the male 

subgroup; hence, the interaction was (created and) tested in the male subgroup. 

The result is provided in Table 4.11 which strongly confirms the presence of 

the interaction effect (p-value < 0.01). While the interaction in the female 

subgroup appeared to be insignificant (p-value =0.3097). 

 

Table 4.11: Results of Cox’s multiple regression for the main effect model with 

the marginal effects and interactions in the male subgroup 

Variable Hazard Ratio 95% CI Lower Bound 95% CI Upper Bound P -value  

GPT*BMI 1.002 1.001 1.004 0.0085 

GPT 0.969 0.927 1.013 0.1668 

BMI 1.009 0.943 1.080 0.7909 

TYM 1.088 1.038 1.141 0.0005 

HEX 1.008 0.996 1.021  0.2007 

S-FE  1.004 1.000 1.009  0.0731 

 

Intuitively, a three-way interaction was considered to be possible, as the two-

way interaction (GPT*BMI) differed depending on gender. Note that 

interactions between gender and GPT, and gender and BMI were also included 

for the three-way interaction model in order to avoid the violation on the 

principle of marginality. The result of the three-way interaction is provided in 



 32 

Table 4.12 which shows that its significance level was borderline (p-

value=0.0476). 

 

Table 4.12: Results of Cox’s multiple regression for the main effect model with 

the marginal effects and the three-way interaction 

Variable Hazard Ratio 95% CI Lower Bound 95% CI Upper Bound P -value  

GPT 0.881 0.782 0.993 0.0384 

BMI 1.007 0.864 1.174 0.9316 

TYM 1.078 1.038 1.118 <0.0001 

HEX 1.014 1.005 1.023 0.0034 

S-FE  1.003 1.000 1.007  0.0501 

KRE 0.950 0.891 1.012 0.1096 

SEX 0.472 0.036 6.231 0.5687 

BMI*SEX 1.010 0.913 1.116 0.8514 

BMI*GPT 1.006 1.001 1.010 0.0153 

KON*GPT 1.105 1.008 1.212 0.0333 

BMI*GPT*SEX 0.996 0.993 1.000 0.0476 

 

The analyses on subgroups in the next section also revealed some possible 

interactions. Table 4.16 suggests that there might be an interaction effect 

between gender and BMI, and gender and HEX since the effect of BMI was 

stronger in the male group than the female group, and the effect of HEX was 

higher in the female group than the male group; however, only the interaction 

effect between gender and BMI was significant.  

4.1.4 Subgroup Analyses 

It has previously been known that the prevalence of liver cancer is different 

among gender and age groups. Hence, subgroup analyses were conducted in 

order to determine the possible difference in the risk factors. In addition, the 

result from subgroup analyses were useful for cross-checking some interaction 

effects in the model.  

 

Subgroup Analysis: survival analysis with the separation between male 

and female 

The dataset was segregated according to gender in order to determine risk 

factors for men and women. Cox’s multiple regression was conducted with the 
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stratification on variable AGE because the PH assumption was invalid in both 

male and female subgroups. The result of checking the PH assumption in the 

male and female group can be found in Tables B-1 and B-2 in the Appendix. 

 

 Male Subgroup 

The most significant variable was GPT. TYM and BMI were moderately 

significant. KRE was of borderline significance.  

 

 

Figure 4.7: Comparison of the Chi-Square values within the male subgroup 

 

Although BMI was not significant in the main effect model, it was of interest in 

the male subgroup because of its significance. Note that since there was only 

one person that experienced liver cancer in the underweight group, it was 

combined with the normal weight group. 
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Figure 4.8: The Kaplan-Meier estimate of the survival function for the liver 

cancer data with the difference between BMI groups for the male subgroup 

 

Figure 4.8 shows the Kaplan-Meier estimator of the survivorship function 

applied for BMI in the male subgroup. BMI at the screening with less than or 

equal to 25 was a normal group, from 25 to 30 was an overweight group, and 

over 30 was an obesity group
6
. This K-M plot displays a significant difference 

among the groups. After 10 years of follow-up, the estimated survivorship 

function for the obesity group lies significantly below the normal and 

overweight group. The difference between the normal BMI group and the 

overweight group could be noticed after approximately 20 years of follow-up. 

The difference between strata is confirmed by the non-parametric tests in Table 

4.13. 

 

Table 4.13:  Results of the homogeneity test (Log –Rank and Wilcoxon) 

across the strata for BMI in the male subgroup 

Test of Equality of Strata 

Test Chi-Square DF Pr>Chi-Square 

Log-Rank 21.0141 1 <0.0001 

Wilcoxon 15.4914 1   0.0004 

 

 

 

                                                 
6
 World Health Organization criteria 
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Further analysis was done by performing Cox’s multiple regression with BMI 

in different levels as a class variable in order to determine the effect of BMI in 

each level for the risk of liver cancer. Table 4.14 displays the hazard ratio of 

BMI in the overweight and obesity groups compared to the reference level. The 

result suggests that, in the obesity group, the hazard of experiencing liver 

cancer was double in comparison with the normal (reference) group. However, 

the difference in the effect of BMI between the normal and the overweight 

group was insignificant. 

 

Table 4.14: Hazard ratio for liver cancer by BMI in the male subgroup 

 

Covariates 

Male  

Liver cancer cases Participants Hazard Ratio 95% CI p-value 

BMI (kg/m2)      

Normal 76 25,023 1(Reference) - - 

Overweight 74 19601 1.146 (0.829-1.584) 0.4104 

Obesity 16 2,667 1.994 (1.154-3.445) 0.0133 

 

 Female Subgroup 

Figure 4.9 displays the result of significant variables in the female subgroup; 

the most significant variable was GOT, whereas HEX was moderately 

significant. 

 

 

Figure 4.9: Comparison of the Chi-Square values within the female subgroup 
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Table 4.15 illustrates the hazard ratio from Cox’s multiple regression model 

with modified GPT as a class variable in order to compare the effects of GPT 

between the normal level (reference level) and the remaining levels (slightly 

elevated and elevated) in the male and female group. The elevated GPT level 

increased the hazard of experiencing liver cancer by 282% and 357% in the 

male and female group, respectively, in compared to the normal GPT level.  

 

Table 4.15: Hazard ratio for liver cancer by GPT in the male and female 

subgroup 

 

The comparison of risk factors between the male and female group was also 

performed using Cox’s multiple regression with fixed covariates in order to 

reveal the difference between the male and female group. Table 4.16 illustrates 

the hazard ratios and p-values, which revealed that GPT and TYM were 

strongly significant with a slight difference in the hazard ratios. HEX was only 

significant in the female group, while BMI was only significant in the male 

group. Additionally, a significant interaction between BMI and gender was 

present; hence, we can conclude that the effect of BMI on the health outcome 

(experiencing liver cancer) was modified depending on gender. 

 

 

 

 

 

Covariates 

Male (n=47,291) Female(n=47,859) 

Liver 

cancer 

cases  

Total HR 95% CI P-value Liver 

cancer  

cases 

Total HR 95% CI P-value 

GPT           

 Normal  

(<21) 

80 29,316 1 

(Ref) 

- - 102 40,271 1 

(Ref) 

- - 

 Slightly 

Elevated 

(<31) 

51 14,284 1.328 (0.92-1.91) 0.1256 31 6,609 1.987 (1.05-2.41) 0.0296 

Elevated 

(>=31) 

35 3,691 3.825 (2.50-5.86) <0.0001 13 979 4.571 (2.77-8.94) <0.0001 
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Table 4.16: Hazard ratio for liver cancer by specified covariates in the male 

and female subgroup 

*Adjusted for all other covariates in the table as well as age 

 

Subgroup Analysis: survival analysis with the separation among age 

groups.  

The dataset was separated into four age groups according to age at the 

examination in order to investigate the risk factors in each age group. The first 

group consisted of participants up to 44 years old, the second group had ages 

from 45 to 54 years old, the third group had ages from 55 to 64 years old, and 

the last group had age over 64 years old. 

 

Table 4.17: Significant risk factors among the difference age groups 

 

Table 4.17 shows that GPT and GOT were statistically significant in every age 

group. TYM and KOL had a strong significant in the oldest age group, while 

BMI was only significant in the youngest age group. 

 

 

Covariates 

Male  Female P-value  for 

 interaction HR* 95% CI P-value    HR* 95% CI P-value 

GPT (U/L) 1.024 1.016-1.032 <0.0001    1.031 1.020-1.043 <0.0001 0.4067 

TYM(Units) 1.086 1.035-1.140 0.0007    1.064 1.003-1.128 0.0407 0.5708 

HEX (mg/dl) 1.009 0.996-1.022 0.1759    1.020 1.006-1.033 0.0039 0.3211 

BMI(kg/m2) 1.074 1.021-1.130 0.0060    0.993 0.948-1.039 0.7471 0.0333 

S-FE(mg/dl) 1.004 1.000-1.009 0.0770    1.003 0.998-1.008 0.2969 0.6871 

KRE(mg/dl) 0.906 0.831-0.988 0.0259    0.996 0.996-0.909 0.9298 0.2362 

Age group No of 

Participants  

Liver 

cancer 

cases 

1st Risk 

Factors 

Chi-

Square  

2nd Risk 

Factors 

Chi-

Square 

3rd  

Risk 

Factors 

Chi-

Square 

Less than 45 38,882 90 GPT 29.05 BMI 5.71 TYM 4.53 

45-54 21,751 87 GPT 21.71       HEX 9.10 S-FE 7.12 

55-64 19,461 86 GOT 42.34 URIN_SC 5.33 - - 

More than 64 15,056 49 TYM 17.26 KOL 8.92 GOT 8.18 
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An advantage of stratifying the dataset according to the age group is that the 

PH assumption is now valid. With the Cox regression model, survival curves 

can be created for specific covariates patterns.  

 

 

Figure 4.10: The Cox regression estimate of the survivor curves for the liver 

cancer data with the difference between GPT groups from the specific 

covariates 

 

Figure 4.10 displays the plot of the survival curves obtained from Cox’s 

multiple regression with specified covariates in the age group less than 45. Two 

covariate patterns which had the same BMI (using mean BMI=23.96) and 

TYM (using mean TYM=3.04), but differed in the value of GPT, were applied 

as an input into the model in order to determine the different effects of GPT. 

The first covariate pattern had a GPT value within the normal level (GPT=18) 

and the second with the elevated level (GPT=35). The outcome from the plot 

could be interpreted as there was higher liver cancer incidence for the group 

with the higher GPT level than normal GPT level after 10 years of follow-up. 
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Figure 4.11: The Cox regression estimate of the survivor function for liver 

cancer data with the difference between BMI groups from the specific 

covariates 

 

In order to investigate the effect of BMI, three covariate patterns were also 

implemented with the same in GPT and TYM level but different BMI. Three 

groups of BMI were applied with the normal group (BMI = 20), the overweight 

group (BMI = 27.5), and the obesity group (BMI = 35). Figure 4.11 illustrates 

the plot of the survival curves.  The group, which had the lower BMI , tended 

to experience less liver cancer incidences, whereas the group with the higher 

BMI level yielded more incidences of liver cancer. 

 

Subgroup Analysis: survival analysis with the separation among age 

groups and gender.  

Stratification regarding gender and age groups was also applied. Table 4.18 

shows the significant risk factors in the subgroup.  
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Table 4.18: Significant risk factors in the different age groups and gender 

 

 

Although the dataset was divided into small subgroups, GPT remained strongly 

significant in both genders in almost every age group. TYM had a strong 

significance level in the oldest age group both the male and female group. BMI 

was only significant among males in the youngest age group, while HEX was 

only significant among females younger than 54. KOL was also significant in 

the oldest female group. 

 

Subgroup Analysis: survival analysis on ordinary range of GPT. 

The ordinary range of GPT was of interest because the results from the 

previous analyses strongly confirmed that GPT played the most important role 

in indicating liver cancer. If an observation has a normal GPT level, the 

possibility of finding liver cancer by other risk factors is questionable. 

Therefore, the dataset was split with only the specific normal level of GPT, 

which was from 1-21 units/L (n=73,516 with liver cancer incident = 202).   

 

 

 

 

 

Age group 

Male 

No. 

participants  

Liver 

cancer 

cases 

1st Risk 

Factor 

Chi-

Square  

2nd Risk 

Factor 

Chi-

Square 

3rd Risk 

Factor 

Chi-

Square 

Less than 45 19,188 50 GPT 12.22 BMI 6.8 TYM 4.01 

45-54 10,929 47 GPT 14.24 - -   

55-64 9,506 41 GPT 18.17 - -   

More than 64 7,627 28 TYM 9.54 URIN_AG 3.97   

 

Age group 

 Female 

No. 

participants  

Liver 

cancer 

cases 

1st Risk 

Factor 

Chi-

Square  

2nd Risk 

Factor 

Chi-

Square 

3rd Risk 

Factor 

Chi-

Square 

Less than 45 19,654 40 GPT 24.88 HEX 4.98 GOT 4.58 

45-54 10,782 40 GPT 8.97 HEX 6.36 S-FE 4.12 

55-64 9,869 45 GOT 33.62     

More than 64 7,408 21 GOT 11.23 TYM 7.47 KOL 7.11 
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Table 4.19: Results of the Cox regression from the normal GPT level  

Variable Hazard Ratio 95% CI Lower Bound 95% CI Upper Bound P -value  

TYM(Units) 1.101 1.050 1.154 <0.0001 

HEX(mg/dl) 1.018 1.007 1.029 0.0014 

SEX 0.725 0.548 0.960 0.0245 

 

Cox’s multiple regression was also carried out with the stepwise selection. The 

significant covariates and hazard ratios were provided in Table 4.19. Increasing 

a unit of TYM would also raise the hazard of having liver cancer by 10%, and 

one milligram per deciliter increase in HEX yielded a higher chance to 

experience liver cancer by 1.8%. However, raising GPT within the normal level 

did not indicate an increase in the hazard of experiencing liver cancer. 

 

4.2 Logistic Regression Model 

4.2.1 Main Effect Model (The Logistic Regression Model) 

Logistic regression was performed with the forward selection method to 

remove insignificant variables from the model. The obtained model consisted 

of AGE, GPT, TYM and S-FE. Although the variable SEX was not significant 

in the model selection, it was forced into the model due to the previous 

knowledge.  

 

 

Figure 4.12: Comparisons of the Chi-Square values within the main effect 

model 
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Figure 4.12 compares the significant risk factors from the logistic regression 

model. From the plot, GPT had the highest Chi-Square value, which led to the 

conclusion that GPT was highly related to the risk of having liver cancer. AGE 

had the second highest level of Chi-Square which could be anticipated. The 

third significant factor was TYM, and S-FE was of borderline significance. 

Table 4.1 provided the information about the odds ratio for each predictor and 

95% confidence interval together with the p-values. 

 

Table 4.20: Results of logistic regression for the main effect model 

Variable Odd ratio 95% CI Lower Bound 95% CI Upper Bound P -value  

GPT (U/L) 1.028 1.021 1.036 <0.0001 

AGE(years) 1.018 1.010 1.026 <0.0001 

TYM(Units) 1.067 1.026 1.109   0.0011 

S-FE (µg/dl) 1.003 1.000 1.007   0.0455 

SEX 1.005 0.801 1.261   0.9637 

 

By plotting log odds against each predictor, the relationship between the 

predictor and the response could be observed. In this data set, no substantial 

non-linearity appeared in the plots. Therefore, parametric logistic regression 

produced a good fit to the data. 

 

 

Figure 4.13: Relationship between liver cancer risk and GPT illustrated by 

plotting log odds against GPT 
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Figure 4.13 illustrates an example of the plot between logit and the predictor. 

The points in the plot represent the estimated log odds for each single value of 

GPT. The displayed red line is the quadratic regression line performed by the 

graphical interpolation function in SAS.  

 

 The plot was univariate-based; however, log odds might be influenced by other 

variables. In addition, more points in the lower level of GPT had a substantial 

influence on the regression line, as a global fit, might deviate from the actual 

outcome. Thus, these problems should be concerned with the interpretation of 

the plot. 

 

4.2.2 Subgroup Analysis 

Subgroup Analysis: logistic regression with the different gender 

Logistic regression with the forward selection method was carried out in the 

male and female subgroups. Figure 4.14 shows the Wald Chi-Square for each 

significant risk factor within the male group on the left-hand side and the 

female group on the right-hand side. In male group, the significant risk factors 

were GPT, AGE, TYM, KRE and BMI respectively. In the female group, GOT 

was highly significant. 

 

 

Figure 4.14: Comparisons of the Chi-Square value for the significant risk 

factors in the male and female subgroups 
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After separating by gender, AGE was significant in both male and female 

groups. GPT was strongly significant among men, while GOT was statistically 

significant among women. KRE, TYM and BMI were only significant in the 

male group. 

 

Subgroup Analysis: logistic regression with separation among age groups 

The dataset was also separated into four age groups regarding age at the 

screening. Table 4.21 gives the result of the risk factors stratified by age. GPT 

was highly significant in the young age group. GOT was highly significant in 

the age group 55-64. In the oldest age group, TYM appeared to be the most 

significant risk factor.  

 

Table 4.21: Significant risk factors in the different age groups 

 

Subgroup Analysis: logistic regression with separation by age groups and 

gender 

In order to specify the risk factors in the different age groups and gender, the 

stratification with respect to both genders and age groups was performed. Table 

4.22 displays the results, in which GPT appeared to be strongly significant 

among both males and females younger than 64. BMI was only significant 

among males within the youngest age group. TYM was significant in the oldest 

male group. 

 

 

 

 

Age group No. 

participants  

Liver 

cancer 

cases 

1st Risk 

Factors 

Chi-

Square  

2nd Risk 

Factors 

Chi-

Square 

3rd  Risk 

Factors 

Chi-

Square 

Less than 45 38,882 90 GPT 30.23 TYM 4.20 - - 

45-54 21,751 87 GPT 14.61 S-FE 6.79 HEX 4.99 

55-64 19,461 86 GOT 27.08 - - - - 

More than 64 15,056 49 TYM 9.63 GOT 7.94 KOL 5.56 
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Table 4.22: Significant risk factors and in different age groups and sexes. 

 

 

Subgroup Analysis: logistic regression on normal GPT subgroup 

Logistic regression was also conducted with the stepwise selection for a normal 

GPT subgroup. The result is displayed in Figure 4.4. 

 

 

Figure 4.15: Comparison of the Chi-Square value within the normal GPT 

subgroup 

  

 

Age group 

Male 

No. 

participants  

Liver 

cancer 

cases 

1st Risk 

Factor 

Chi-

Square  

2nd Risk 

Factor 

Chi-

Square 

3rd Risk 

Factor 

Chi-

Square 

Less than 45 19,188 50 GPT 12.53 BMI 4.49 ZIN 4.24 

45-54 10,929 47 GPT 10.87 - - - - 

55-64 9,547 41 GPT 11.84 SIA 4.15 - - 

More than 64 7,627 28 TYM 6.31 - - - - 

 

Age group 

Female 

No. 

participants  

Liver 

cancer 

cases 

1st Risk 

Factor 

Chi-

Square  

2nd Risk 

Factor 

Chi-

Square 

3rd Risk 

Factor 

Chi-

Square 

Less than 45 19,654 40 GPT 10.8 - - - - 

45-54 10,782 40 GPT 8.46 - - - - 

55-64 9,869 45 GOT 23.78 - - - - 

More than 64 7,408 21 GOT 12.66 KOL 5.56 - - 
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Within the ordinary GPT level, AGE appeared to be the most significant 

variable, but this factor is of less interest as risk factor. The second most 

significant variable was TYM, followed by GOT at borderline significance. 
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5 Discussion  
 

Liver cancer is always fatal when it is advanced. Early clinical intervention and 

identification of high risk groups is therefore crucial. In this study, we used a 

cohort study in Sweden to investigate and indentify risk factors of developing 

liver cancer. The discussion is divided into three parts. The first section is 

devoted to conclusion about risk factors. The second section is related to 

methodological issues, and the last part discusses the uniqueness of the present 

study. 

 

Risk Factors  

Glutamic Pyruvate Transaminase (GPT) was identified as a key risk factor for 

liver cancer. Main effect models in both logistic regression and Cox regression 

produced similar results, and GPT was the most significant factor in most of 

the investigated subgroups. It has been previously claimed that liver cancer is 

associated with GPT among men (Kim et al., 2004). Our study showed that 

GPT was not only strongly significant in the male group but also in the female 

group. 

 

A slightly elevated GPT (21, 31) was found to increase the hazard of having 

liver cancer 1.45 times (CI 1.105-1.901) in comparison with the normal GPT 

group. In the group with strongly elevated GPT (>31 U/L), the hazard of 

experiencing liver cancer was 4.08 times (CI 2.908-5.746) higher. However, an 

increase in GPT within the normal level (<21 U/L) did not influence the hazard 

of liver cancer. The survival curves from the K-M estimator and the Cox 

regression indicated that having an elevated GPT (at the screening) for a short 

period (<10 years) did not increase the risk of liver cancer. 

 

Thymol Turbidity (TYM), which has been used for diagnosing liver 

dysfunctions, became an alternative risk factor when the level of GPT was 

normal. It was strongly significant in the oldest age group.  Additionally, the 
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survival curves from the K-M estimator revealed that, having an elevated TYM 

at the screening, was associated with a long period (>20 years) for developing 

liver cancer. 

 

Protein-Bound Hexoses (HEX) was previously used as an indicator of 

infections. Our study disclosed that HEX was a significant marker for liver 

cancer in the main effect model and the female subgroup. The survival curves 

from the K-M estimator illustrated that an increased level of HEX could 

indicate the problem. Additionally, HEX, in the elevated level (>133 mg/dl), 

raised the risk of experiencing liver cancer 1.5 times (CI 1.059-2.259) in 

comparison with the normal level (<115 mg/dl).  

 

Several previous studies have reported body mass index (BMI) as a significant 

risk factor for liver cancer (Larsson et al., 2007) and liver disease (including 

cancer) among males (Hart et al., 2010). Our findings supported the previous 

studies, as BMI was a significant risk factor in the male group. The obesity 

group (>30 kg/m
2
) increased the hazard of having liver cancer 1.994 times (CI 

1.154-3.445) in comparison with the normal BMI group. The survival curves 

suggested that being obese more than 10 years increased the risk of 

experiencing liver cancer.  

 

Glutamic Oxalacetic Transaminase (GOT) was statistically significant in some 

subgroups, but further investigation of this variable was not performed because 

GOT released from many organs. In addition, GOT and GPT can be highly 

correlated. 

 

Serum creatinine (KRE), serum iron (S-FE), zinc sulphate (ZIN) and 

cholesterol (KOL) are suspected to have random effects because their 

significance levels were borderline, and they occur relatively randomly in the 

subgroups. 

 



 49 

A significant interaction between gender and BMI (p=0.047) suggested that 

gender modified the effect of BMI to the health outcome. Further investigation 

revealed that the effect of BMI to the response was much stronger in the male 

group which is supported by previous studies (e.g. Larsson et al., 2007). A 

three-way interaction between GPT, BMI and gender was also significant 

(p=0.048). The stratified analysis disclosed that gender also modified the effect 

of a two-way interaction between GPT and BMI to the response. The male 

group seemed to have a robust effect from the two-way interaction (p<0.01), 

which can be concluded that BMI significantly modified the effect of GPT to 

the health outcome in males. 

 

Methodological Issues  

We used Cox Proportional Hazards Regression for survival data as the major 

tool for analyzing the role of different risk factors. This method has the 

advantage that it can handle multiple risk factors and take into account how 

long time that has elapsed when the target effect occurs. The latter was 

considered particularly important in our study because of the exceptionally 

long follow up period. 

 

If the proportional hazards assumption is not valid, this problem can be 

circumvented by using stratification or including a time-dependent covariate. 

We used stratification with respect to age at the onset of the study. This had 

two advantages. Firstly, the computational time was substantially reduced. 

Secondly, it enabled flexible modeling of age-dependent risks. 

 

The Kaplan-Meier (K-M) estimator was found to be useful for illustrating 

survival curves for different subsets of cases. In our study we used it primarily 

for exploratory analyses because it is based on univariate analyses, and 

accordingly, it cannot be used to explore the role of confounding variables and 

effect modifications. In addition, the K-M estimator was computationally 

cumbersome when a covariate had numerous observed levels. 
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Logistic regression is widely used in medical research and a fundamental 

method for exploratory analysis of risk factors. However, it was not an optimal 

methodology for the current study, because of the long follow-up period. If 

censoring is not taken into account, the results can be strongly misleading.  

 

Regardless of the statistical models used for analyzing the impact of various 

risk factors, it is common practice in epidemiology to discretize continuous 

variables. This practice can make it easier to interpret and discuss the results of 

the statistical analysis. However, it can also make it more difficult to compare 

results obtained in different studies. First, the obtained hazard ratios may 

depend on the distribution of the continuous variable within the categories. 

Secondly, the cutting points may differ between studies. 

 

Subgroup analyses are also widely used to make the results easier to 

comprehend, but such methods can substantially reduce the power of the 

statistical tests performed. In spite of this reduction of power, our subgroup 

analyses strongly indicated that GPT is a major risk factor. TYM, HEX and 

BMI were also significant when the dataset was separated into small 

subgroups. Additionally, subgroup analyses were useful for revealing possible 

interactions. More specifically, we noted that the response to certain risk 

factors varied strongly between groups. 

 

When a statistical equation includes a multiplicative term in order to capture 

interaction affects the test results must be interpreted with caution. In 

particular, it is worth noticing that, in the presence of interaction effects, the 

estimated main effect of one covariate can be manipulated by adding a constant 

to another covariate (Braumoeller, 2004). Furthermore, one should bear in 

mind that the coefficient in front of a covariate X1 captures the impact of X1 on 

the response Y when another covariate X2 is zero, not the impact of X1 on Y in 

general (Brambor et al, 2006; Kam and Franzese, 2007). For example, a model 
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coefficient of a first order term can represent the impact of GPT when BMI is 

zero, and this is of course irrelevant. 

 

Uniqueness  

Our study is unique in many respects. Firstly, the population was very large 

with over 95,000 participants, and the follow-up period was very long, up to 45 

years. Furthermore, the analytical values of blood chemistry were noted to be 

delivered with high precision. In addition, the participants at the screening were 

from the general population; thus, generalization of the results to other 

populations is facilitated. To the best of our knowledge, four findings in this 

study have never been mentioned in other reports. Firstly, we found that GPT is 

a predictive risk factor for females. Secondly, HEX was found to be a 

moderately significant risk factor in the main effect model and in the female 

group. Thirdly, within the normal GPT group, TYM and HEX were found to be 

significant risk factors. Last, but not least, we noted a significant three-way 

interaction between GPT, BMI and gender. 

 

Some limitations of our study should also be noted. Firstly, data was primarily 

based on a single measurement and some factors, such as BMI, could easily 

change during the follow-up period. Moreover, BMI is not a perfect 

measurement of body fat; hence, drawing a conclusion about obesity and liver 

cancer may have some bias. Additionally, some potential confounders such as 

smoking habits, chronic liver diseases, and alcohol consumption were not 

recorded during the screening.  
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6 Conclusions 
 

Our major findings can be summarized as follows: 

 

 GPT was the most influential risk factor for indicating liver cancer in all 

age groups among men and women. The elevated GPT group raised the 

hazard of experiencing liver cancer 4.09 times in comparison with the 

normal GPT group. Participants, who had an increased GPT above the 

normal at the screening, had an increased hazard (risk) of having liver 

cancer after 10 years of follow-up. GPT seemed to be an important 

marker for the future risk of liver cancer in particularly males with 

overweight and obesity groups in comparison with a normal BMI group. 

 

 TYM was strongly significant in the main effect model and in the oldest 

subgroup (>64 years). Participants, who had an increased TYM above 

the normal at the screening, had an increased hazard (risk) of having 

liver cancer after 20 years of follow-up. Additionally, it was a highly 

significant predictive factor within the normal GPT group. 

 

 HEX was a moderately significant in the main effect model and in the 

female subgroup. Elevated HEX could indicate a problem with liver 

cancer. Participants with the highest level of HEX (≥134mg/dl) 

increased the hazard of having liver cancer 1.57 times in comparison 

with the lowest HEX group. Moreover, HEX was a moderately 

significant risk factor within the normal GPT group. 

 

 BMI was moderately significant in the male subgroup. Obese males had 

an increased hazard of experiencing liver cancer by a factor of 1.99. In 

addition, the obese male group at the screening experienced more liver 

cancer incidences after 10 years of follow-up. 



 53 

7 Literature 
 

Adam L. A., Knuiman L. M., Divitini M. L. & Olynyk J. K. (2008) Body Mass Index 

is a Stronger Predictors of Alanine Aminotransaminase Levels than Alcohol 

Consumption. Journal of Gastroenterol Hepatol 2008; 23:1089-93. 

 

Allison P. D. (2010) Survival Analysis Using SAS®: A Practical Guide, Second 

Edition. Cary, NC: SAS Institute Inc. 

 

Beal J. D. (2005) SAS Code to Select the Best Multiple Linear Regression Model for 

Multivariate Data Using Information Criteria. Retrieved from 

http://analytics.ncsu.edu/sesug/2005/SA01_05.PDF. 

 

Bosch F.X., Ribes J., Diaz M. & Cleries R.(2004) Primary Liver Cancer: Worldwide 

Incidence and Trends. Gastroenterology 2004; 127(5 Suppl 1): S5–S16. 

 

Brambor T., Clark W. R. & Golder M. (2006) Understanding Interaction Models: 

Improving Empirical Analyses. Political Analysis 14:63-82.  

 

Braumoeller B. F. (2004) Hypothesis Testing and Multiplicative Interaction Terms 

International Organization 58(4): 807-820 

 

Collett D. (2003) Modeling Survival Data in Medical Research, Chapman & Hall, 

New York. 

 

Dickman P. D. (2005, June 7) Cox Regression using SAS PROC PHREG. Retrieved 

from http://www. Pauldickman.com/teaching /sas/phreg/index.php 

 

Dodds D. C. (1947) Use of the Thymol Turbidity Test as an Aid in Diagnosis of 

Dysfunctions of the liver. California Medicine. 1947 March; 66(3): 125-127. 

 

Franseze R. J. & Kam C. D. (2007) Modeling and Interpreting Interactive Hypotheses 

in Regression Analysis. The University of Michigan Press, Ann Arbor. 

 

Fraser A., Longnecker P. M. & Lawlor D. A. (2007) Prevalence of Elevated Alanine-

Aminotransferase (ALT) among US Adolescents and Associated Factors: NHANES 

1999-2004. Gastroenterology.2007 December ;133(6): 1814-1820. 

 

Hart C. L., Morrison D. S., Batty G. D., Mitchell R. J. & Smith G. D. (2010) Effect of 

Body Mass Index and Alcohol Consumption on Liver Disease: Analysis of Data from 

Two Prospective Cohort Studies. British Medical Journal 2010; 340:c1240. 

 

Hastie T., Tibshirani R. & Friedman J. (2001) Elements of Statistical Learning: Data 

Mining, Inference and Prediction. Springer-Verlag, New York. 

 

Hosmer D. W. & Lemeshow S. (1999) Applied Survival Analysis, John Wiley & Sons, 

New York. 

 



 54 

Kim H. C., Nam C. N., Jee S. H., Han H. K., Kyu D. O. & Il S. (2004) Normal Serum 

Aminotransferase Concentration and Risk of Mortality from Liver Disease: 

Prospective Cohort Study. British Medical Journal 2004; 328:983. 

 

Kirkwood B. & Sterne J.  (2003) Essential Medical Statistics. 2nd Edition: Blackwell 

Science. 

 

Kleinbaum D. G., Sullivan K. M. & Barker N. D. (2006) A Pocket Guide to 

Epidemiology. Springer.  

 

Larsson S. C. & Wolk A. (2007) Overweight, Obesity and Risk of Liver Cancer: a 

meta-analysis of cohort studies. British Journal of Cancer; 97:1005-8. 

 

ABBASS L. B. & AHMED A. S. (2011, January) Serum Total a-L- fucose and 

Related Parameters in Breast Cancer as Tumor Marker. South Asia Journal of Family 

Medicine; Volume 2, Issue 1. 

 

Machin D., Cheung Y. B. &  Parmar MK. B. (2006) Survival Analysis: a practical 

approach, 2nd edition John Wiley & Sons Ltd. 

 

Newman T. B. & Browner W. S. (1991) In Defense of Standardized Regression 

Coefficients, Epidemiology Vol. 2, No. 5, pp. 383-386.  

 

Nina L. P. (2005) Living with Hepatitis C for Dummies. Wiley Publishing Inc.  

 

Nelder J. A. (1977) A Reformulation of Linear Models. Journal of the Royal 

Statistical Society. Series A (General), Vol. 140, No. 1 , pp48-77. 

 

Nyblom H., Berggren U., Balldin J. & Olsson R. (2004) High AST/ALT Ratio may 

Indicate Advanced Alcoholic Liver Disease rather than Heavy Drinking, Alcohol & 

Alcoholism Vol.39 No.4, Medical Council on Alcohol. 

 

Olsson U. (2002) Generalized Linear Models: An Applied Approach. 

Studentlitteratur. 

 

Royston P., Altman A. G. & Sauerbrei W. (2006) Dichotomizing Continuous 

Predictors in Multiple Regression: A Bad Idea. Stat Med, 25:127-141 2006. 

 

Sergeant G. (1971) The Värmland Survey, Volumn23 av Socialstyrelsen redovisar. 

 

Singer J. D. & Willett, J. B. (2003) Applied Longitudinal Data Analysis: Modeling 

Change and Event to Occurrence. New York: Oxford University Press. 

 

Smith S. A. & Hutchins G. M. (2001) Problems with Proper Completion and 

Accuracy of the Cause-of-Death Statement. Archiver of Internal Medicine. 

2001;161(2): 

 

 

http://tropej.oxfordjournals.org/search?author1=D+Machin&sortspec=date&submit=Submit
http://tropej.oxfordjournals.org/search?author1=YB+Cheung&sortspec=date&submit=Submit
http://tropej.oxfordjournals.org/search?author1=MKB+Parmar&sortspec=date&submit=Submit


 55 

The Merck Manuals Online Medical Library (2003, n.d.) Common Medical Test:  

Common Blood Test. Retrieved from   

http://www.merckmanuals.com/home/appendixes/ap2/ap2b.html 

 

Törnberg S. (1987) Cancer Risk s in Relation to Serum Levels of Cholesterol and 

Beta-Lipoprotein: An Epidemiology study, Karolinska Institute. 

 

Vittinghoff  E., Shiboski S. C., Glidden D. V. & McCulloch C. E. (2005) Regression 

Methods in Biostatistics: Linear, Logistic, Survival, and Repeated Measures Models. 

New York: Springer. 

Wallerstedt S. (1998) Incidens och Riskfaktorer för Primär Levercancer i Sverige. 

Retrieved from http://www3.svls.se/sektioner/ga/Gastro/om_sw.htm  

 

Walter R.S., Thein H., Gidding H.F., Amin J. (2011) Risk Factor for Hepatocellular 

Carcinoma in a Cohort Infected with Hepatitis B or Hepatitis C. Journal of 

Gastroenterology and Hepatology. Accepted article; doi: ./-j.1440-

1746.2011.06785.X 

 

World Health Organization. Global Database on Body Mass Index (Adapted from 

WHO 1995, 2000 and 2004), BMI Classification. Retrieved from 

http://apps.who.int/bmi/index.jsp?introPage=intro_3.html 

 

 

 

 

 

 

 

 

http://www.merckmanuals.com/home/appendixes/ap2/ap2b.html


 56 

8 Appendix 
 

Table A-1: Result of the best subset selection method with the highest 

significance Score Chi-Square. 

No of Variables Score Chi-Square Variables included in the model 

1 213.2693 AGE 

2 295.3235 GPT AGE 

3 309.0066 GPT TYM AGE 

4 317.7233 GPT TYM KOL AGE 

5 326.1663 GOT GPT TYM KOL AGE 

6 333.3529 GOT GPT TYM KOL HEX AGE 

7 338.8081 KRE GOT GPT TYM KOL HEX AGE 

8 343.8451 S-FE KRE GOT GPT TYM KOL HEX AGE 

9 344.6713 S-FE KRE GOT GPT TYM KOL HEX   URIN_SOC AGE 

 

 

Table B-1: Results of correlation between Schoenfeld residuals for each 

covariate and variable Time in male subgroup. 

 Pearson  Correlation 
(With variable Time) 

 -values 

AGE  -0.32 <0.001 

GPT 0.015 0.8466 

TYM 0.032 0.6824 

BMI 0.014 0.8618 

KRE 0.012 0.8774 

 

 

Table B-2: Results of correlation between Schoenfeld residuals for each 

covariate and variable Time in female subgroup. 

 Pearson  Correlation 
(With variable Time) 

 -values 

AGE  -0.264 0.0013 

GOT -0.115 0.1682 

HEX -0.021 0.8006 
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Table C:  Univariate analysis of potential risk factors 
 

Variables in model -2 Log Likelihood Wald Chi Square  
Statistics 

P-value 

None 6877.528   

S-FE 6873.119 4.5664 0.0326 

KRE 6875.750 1.7998 0.1797 

GOT 6840.095 104.1648 <0.0001 

GPT 6837.528 95.6909 <0.0001 

TYM 6859.275 26.0685 <0.0001 

ZIN 6873.581 4.2262 0.0398 

BLP 6864.203 14.2047 0.0002 

KOL 6873.625 3.9876 0.0458 

HEX 6853.980 25.5445 <0.0001 

SIA 6864.236 14.4425 0.0001 

URIN_SOC 6875.008 3.1563 0.0756 

URIN_AGG 6877.498 0.0285 0.8658 

BLOOD SYS 6835.271 47.4728 <0.0001 

BLOOD DIA 6847.835 32.0739 <0.0001 

BMI 6849.866 30.9275 <0.0001 

AGE 6672.465 203.7922 <0.0001 

SEX 6870.844 6.6656 0.0098 

HB 6874.059 3.4269 0.0641 
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