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.

Leukemia is a hematological malignancy with a high mortality rate. In the survival analysis of leukemia patients, death may occur due to leukemia or other causes, leading to competing risks. Ignoring these competing events in the Cox Proportional Hazard model can result in biased risk estimation. This study aims to apply competing risk analysis using the Cause-Specific Hazard model in order to identify factors affecting mortality risk based on event types. This study analyzed secondary data from medical records of 130 leukemia patients at RSUD dr. H. Koesnadi Bondowoso from January 2022 to December 2024. The response variable was survival time with two event types: death due to leukemia and death due to other causes. Data analysis involved Cox regression, testing the proportional hazard assumption, Extended Cox modeling, and the Cause-Specific Hazard approach. Parameter estimation was performed using Maximum Partial Likelihood with Newton-Raphson iteration, and hypothesis testing was conducted using the Wald test. The results indicate that chronic disease significantly affects death due to leukemia, while sex and body mass index (BMI) significantly influence death due to other causes. The Cause-Specific Hazard model provides more accurate mortality risk estimation by accounting for competing events.
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1. INTRODUCTION
Leukemia is a type of blood cancer characterized by the abnormal proliferation of white blood cells and has a relatively high mortality rate [1]. It is one of the leading causes of cancer-related death, especially in children and people of productive age [2]. The Global Burden of Disease study records hundreds of thousands of new leukemia cases annually with significant mortality rates, particularly in developing countries [3]. In Indonesia, leukemia ranks among the top ten cancers with the highest prevalence and is the most common childhood cancer [4]. The high mortality rate in leukemia patients is influenced by various factors, including delayed diagnosis, limited access to healthcare services, and comorbidities such as infections and chronic diseases [5]. In biostatistics, survival analysis is a commonly used approach to study the time until an event occurs, such as patient death. The Cox Proportional Hazard (Cox PH) model is widely used because it does not require a specific distributional assumption for survival time [6]. In leukemia patients, death is not only caused by the primary disease but can also occur due to other causes such as severe infections, organ failure, or treatment complications. This condition is known as competing risk, a situation where more than one type of event can occur, and the occurrence of one event prevents the occurrence of another [7]. If competing risks are ignored and all events are treated as a single type of failure, the risk estimates produced by the Cox PH model can be biased and less representative of the actual clinical condition [8].
The competing risk approach using the Cause-Specific Hazard model allows risk analysis to be conducted separately based on event type, by treating other events as censored data [9]. This model provides more specific information about factors influencing each type of event, making it more relevant for complex medical data [10]. Several previous studies have shown that the competing risks approach yields better risk estimates compared to the conventional Cox model in leukemia cases [11]. However, studies on leukemia in Indonesia applying the Cause-Specific Hazard model are still very limited, especially those using regional hospital data. Based on this background, this study aims to apply competing risk analysis using the Cause-Specific Hazard model to analyze mortality risk in leukemia patients at RSUD Dr. H. Koesnadi Bondowoso. This research is expected to provide a more comprehensive understanding of the factors influencing mortality risk in leukemia patients based on event type, as well as to serve as a reference for developing survival analysis for health data with competing events

2. RESEARCH METHODE
The research uses secondary data from medical records of 130 leukemia patients treated at RSUD dr. H. Koesnadi Bondowoso from January 2022 to December 2024. The response variable was patient survival time measured in months, defined as the interval from the patient's first leukemia diagnosis to the occurrence of an event or the end of the observation period. Event status was classified into three categories: censored data (if the patient was still alive at the end of the observation period or lost to follow-up), event type 1 (death due to leukemia), and event type 2 (death due to other causes), with the latter serving as competing events. Predictor variables included age, sex, platelet count, hemoglobin level, bone marrow blast count, genetic mutation status, infection history, body mass index (BMI), and chronic disease.
Data analysis was performed using a survival analysis approach, a statistical method used to model the time until an event occurs, with the main characteristic being the presence of censored data. The initial analysis stage involved fitting a Cox Proportional Hazard (Cox PH) model, a semi-parametric model where an individual's hazard function is the product of the baseline hazard and an exponential function of covariates [12]. This model was chosen because it does not require a specific distributional assumption for survival time and is widely used in epidemiological and clinical research. The main assumption of the Cox PH model is proportional hazards, meaning the hazard ratio between individuals is constant over time [13]. This assumption was tested using Schoenfeld residuals [14]. If the proportional hazard assumption is not met, the Extended Cox model is used by incorporating time-dependent covariates to accommodate changes in a covariate's influence over the observation period [15].
In leukemia data, patient death can occur due to leukemia itself or other causes such as severe infection or organ complications, meaning there is more than one type of competing event. This condition is known as competing risk, where the occurrence of one event prevents the occurrence of another [16]. To accommodate this condition, the research used the Cause-Specific Hazard (CSH) model, an extension of Cox regression that models the hazard separately for each event type by treating other events as censored [17]. Mathematically, the Cause-Specific Hazard model for the k-th event is expressed as:
, where 
denotes the baseline hazard for the k-th event,  is the regression parameter vector, and X represents covariates. Parameter estimation in the Cox and Cause-Specific Hazard models was performed using the maximum partial likelihood method with the Newton-Raphson iteration algorithm [18]. The significance of the parameters was tested using the Wald test at a 5% significance level [19]. Statistically significant parameters were interpreted using hazard ratio values to explain the magnitude of the covariate's influence on the risk of event occurrence [20]. The overall interpretation of competing risks was then performed for the leukemia patient data.

𝜎𝑟
3. RESULT AND ANALYSIS
Descriptive analysis was conducted to describe the characteristics of leukemia patients based on the research variables. The observed characteristics included age, sex, platelet count, hemoglobin level, bone marrow blast count, genetic mutation status, infection history, body mass index (BMI), and the presence of chronic disease. The results showed that the majority of patients were under 40 years old and were predominantly male. Most patients had platelet and hemoglobin levels in the normal range, but the proportion of patients with a high bone marrow blast count was substantial, indicating active disease.
  3.1 Cox Proportional Hazard Regression
The Cox Proportional Hazard Regression model was formed as an initial analysis to identify factors influencing leukemia patient survival time without distinguishing event types. The Cox regression model is as follows:





3.2 Proportional Hazard Assumption Test
Table 1 Proportional Hazard Assumption
	Variable
	p-value
	PH Assumption 

	Age
	0,260
	Satisfied

	Sex 
	0,438
	Satisfied

	Platelet 
	0,947
	Satisfied

	Hemoglobin
	0,814
	Satisfied

	BMB
	0,017
	Not Satisfied 

	 Gen Mutation
	0,577
	Satisfied

	Infection His
	0,139
	Satisfied

	BMI
	0,389
	Satisfied

	Chronic
	0,625
	Satisfied



Table 4.3 shows that all predictor variables satisfy the proportional hazard assumption (p-value > 0.05), except for the Bone Marrow Blast variable (p-value = 0.016). This unsatisfied assumption indicates a time-varying influence, so the analysis continued using the extended Cox model with time-dependent components. The modeling results show that the time-dependent component of the Bone Marrow Blast variable is significant (p-value = 0.027), confirming that the influence of this variable on the hazard changes over time. 

3.3 Cause-Specific Hazard
Cause-Specific Hazard Model for Event type 1 (due to leukemia)
T
Table 2.Cause-Specific Hazard Type 1
	Variable
	Coefficient
	HR
	SE
	p-value

	Age
	0,0112
	1,0113
	0,0098
	0,250

	Sex 
	-0,2739
	0,7603
	0,6269
	0,662

	Platelet 
	0,000009
	1,0000
	0,000005
	0,054

	Hemoglobin
	0,2129
	1,2372
	0,1579
	0,178

	BMB
	-0,0062
	0,9938
	0,0086
	0,471

	 Gen Mutation
	0,1523
	1,1644
	0,8199
	0,853

	Infection His
	0,1155
	1,1224
	0,5981
	0,847

	BMI
	-0,0182
	0,9819
	0,0626
	0,771

	Chronic
	1,5258
	4,5988
	0,5841
	0,009





The simple Cause-Specific Hazard model for event type 1 is formed as, 
Chronic). The Cause-Specific Hazard model for event type 1 shows that only the Chronic Disease variable has a significant influence, with a hazard ratio of 4.5989. This indicates that individuals with chronic disease have a risk of experiencing event type 1 approximately 4.6 times greater compared to individuals without chronic disease, with other covariates considered constant.
 
3.4. Cause-Specific Hazard Model for Event type 2 (Competing risk)
Table 3.Cause-Specific Hazard Type 2
	Variabel
	Coefficient
	HR
	SE
	p-value

	Age
	0,0016
	1,0016
	0,0066
	0,85

	Sex 
	-1,2130
	0,2974
	0,4575
	0,008

	Platelet 
	0,0000003
	1,0000
	0,000003
	0,928

	Hemoglobin
	0,1322
	1,1413
	0,1122
	0,239

	BMB
	0,0013
	1,0013
	0,0061
	0,831

	 Gen Mutation
	-0,2570
	0,7734
	0,5182
	0,620

	Infection His
	0,5813
	1,7883
	0,4390
	0,185

	BMI
	-0,2001
	0,8187
	0,0572
	0,0001

	Chronic
	-0,7000
	0,4966
	0,4693
	0,136


The simple Cause-Specific Hazard model for event type 2 is formed as
. The Cause-Specific Hazard model for event type 2 shows that the hazard function is multiplicative to the baseline hazard .. The Sex and BMI variables have negative coefficients with hazard ratios < 1, indicating a decreased risk of event type 2, while Infection History shows a tendency for increased hazard although not statistically significant. The hazard ratio value of 0.2974 for Sex indicates that the risk of event type 2 is 29.74% compared to the reference category, of that for the reference category, assuming other covariates are held constant. 
The research involved nine predictor variables, so the paired *Cause-Specific Hazard* analysis produced 36 combinations of variable pairs. Paired analysis aims to examine the simultaneous influence of two predictor variables on the risk of event occurrence for each event type. However, given the large number of combinations formed, the discussion in this subsection is only focused on one representative variable pair, namely age and sex. The *Cause Specific Hazard event* type 1 model for the Age vs Sex pair is 
. 
The Cause Specific Hazard event type 2 model for the Age vs Sex pair is
 
The most dominant predictor variables among the 36 variable pairs are Sex vs BMI, Platelet vs Chronic, and BMI vs Chronic
Table 4. Sex vs BMI
	Event
	HR
	p-value
	C

	
	
	
	

	1
	0,9584
	0,439
	0,567

	2
	0,8465
	0,000106
	0,721



Table 4. The Sex and BMI variable pair shows a significant influence on the risk of event occurrence for event type 2. The value p-value < α and concordance value ≥ 0.65 indicate that this variable pair has good predictive ability and plays a dominant role in the competing risk analysis.
Tabel 5. Platelet vs Chronic
	Event
	HR
	p-value
	C

	1
	5,269
	0,0018
	0,735

	2
	0,9698
	0,940
	0,589



In Table 5, the Platelet and Chronic Disease variable pair has a significant influence on the risk of event occurrence for event type 1. The hazard ratio > 1, p-value < α, and concordance ≥ 0.65 show that this pair is one of the dominant variable combinations.

Tabel 6. BMI vs Chronic
	Event
	HR
	p-value
	C

	1
	3,6098
	0,0066
	0,722

	2
	0,6419
	0,2719
	0,687



In Table 6, the BMI and Chronic Disease variable pair also shows a significant influence on event type 1, with a hazard ratio > 1, p-value < α, and concordance value ≥ 0.65, confirming its role as a dominant variable pair in the competing risk model.








3.5 Parameter Estimation 

	Table 7. Parameter Estimation
	Variable
	Parameter

	Age
	

	Sex 
	

	Platelet 
	

	Hemoglobin
	,

	BMB
	

	 Gen Mutation
	

	Infection His
	,

	BMI
	

	Chronic
	,



In Table 7, parameter estimation of the Cause-Specific Hazard model for leukemia patient mortality risk for all researched predictor variables, namely age, sex, platelet count, hemoglobin, bone marrow blast count, genetic mutation, infection history, BMI, and chronic disease. The parameter estimation results describe the direction and magnitude of the influence of each variable on specific mortality hazard. The log partial likelihood value of −170.34 indicates the model's fit to the data and is used as a basis for model evaluation and comparison in the competing risk analysis of leukemia patient mortality.
3.6 Parameter Testing
Table 8.Parameter Testing
	Variable
	
	p-value
	Decision

	Age
	1,08
	0,281
	Accepted 

	Sex 
	-2,39
	0,017
	Reject 

	Platelet 
	1,24
	1,217
	Accepted 

	Hemoglobin
	1,67
	0,095
	Accepted 

	BMB
	-0,33
	0,739
	Accepted 

	 Gen Mutation
	-0,35
	0,730
	Accepted 

	Infection His
	1,29
	0,197
	Accepted 

	BMI
	-2,78
	0,006
	Reject 

	Chronic
	0,48
	0,633
	Accepted 



In Table 8, using the Wald test at a 5% significance level, the Sex and BMI variables have p-values < α, so the null hypothesis is rejected, and both variables have a significant influence in the Cause-Specific Hazard model. Meanwhile, other variables show p-values > α, so they do not significantly influence the model.

3.7 Hazard Ratio
Hazard ratio is a measure describing the magnitude of a predictor variable's influence on the risk of an event occurring at a specific time, assuming other covariates are constant. An HR value > 1 indicates an increased risk of the event, HR < 1 indicates a decreased risk, while HR = 1 indicates no influence. The dashed vertical line on the graph represents the HR = 1 value as the neutral threshold.
[image: ][image: ]
Figure 1. Hazard Ratio Type 1 and 2
Based on Figure 1. hazard ratio of the Cause-Specific Hazard model for event type 1 and type 2, chronic disease is the dominant risk factor for event type 1 with a hazard ratio value far above 1, indicating a significantly increased risk compared to patients without chronic disease. Hemoglobin, genetic mutation, and infection history variables have hazard ratios slightly above 1, indicating a tendency for increased risk, while age, platelet count, bone marrow blast count, and BMI have hazard ratios close to 1, showing no strong influence on event type 1, and sex is associated with a lower risk. For event type 2, infection history and hemoglobin show hazard ratios above 1, indicating an increased risk of event occurrence, while age, bone marrow blast count, and platelet count have hazard ratios close to 1, and BMI, genetic mutation, chronic disease, and sex are associated with a decreased risk compared to the reference category
3.8 Competing Risk Analysis
The interpretation of competing risk is that at each time t, leukemia patients with chronic disease have a higher rate of experiencing event type 1 compared to patients without chronic disease, assuming the patient is still at risk and has not yet experienced a competing event. Individual hazard calculation shows that patients with chronic disease have a hazard of approximately 22.99%, while patients without chronic disease have only about 5%. This hazard comparison of 4.6 times confirms that Chronic Disease is a dominant factor for event type 1. The interpretation of competing risk for event type 2 means that at each time t, leukemia patients with chronic disease have a lower rate of experiencing event type 2, assuming the patient has not yet experienced event type 1 or other events. The obtained hazard value shows that patients with chronic disease have an hazard for event type 2 of about 2.48%, lower than patients without chronic disease who have a hazard of about 5%. The hazard ratio of 0.5 indicates that the risk of event type 2 in patients with chronic disease is reduced by about 50%.


4. CONCLUSION

Competing risk analysis using the Cause-Specific Hazard model can provide more accurate mortality risk estimates for leukemia patients compared to conventional Cox models. Chronic disease is the dominant factor influencing death due to leukemia, while sex and BMI play significant roles in death due to other causes. This approach is relevant for application in survival analysis of health data with more than one type of event.
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