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Abstract: Financial institutions use credit scoring analysis to 

predict the probability that a customer will default. In this paper, 

we determine the probability of default using nonparametric 

survival analysis that are Kaplan-Meier and Nelson-Aalen. The 

analysis is based on survival function curves, cumulative hazard 

function curves, mean survival time, and standard error of 

estimators. Based on the curves of survival function for both 

Kaplan Meier and Nelson Aalen estimators relatively the same. 

Based on the curves of cumulative hazard function, mean 

survival time, and standard error the Nelson-Aalen estimators 

are slightly higher than Kaplan-Meier.  

 

1. INTRODUCTION  

A default occurs when a borrower stops making the required payments on a debt. 

Defaults can occur on secured debt, such as a mortgage loan secured by a house, or unsecured 

debt, such as credit cards or a student loan. Default is a big problem in the financial industry, 

another term for default is also called bad credit. The probability of bad credit can be 

determined using credit scoring analysis with parametric, semiparametric, and nonparametric 

methods. Nonparametric methods for credit scoring analysis according to bad and good credit 

have been investigated. Mukid et al. (2018) used the Weighted K Nearest Neighbor (WKNN) 

method by some kernels and applied it to private bank in central of Java. Gaussian and 

rectangular kernels are better performance than triangular, triweight, epanichov, and inversion 

kernels. Widiharih & Mukid (2018) did credit scoring using Method of Local Means based K 

Harmonic Nearest Neighbor (MLMKHNN), and applied it to motorcycle loans in Central 

Java, at the same level MLMKHNN need more neighbor than Local Means K Nearest 

Neighbor  (LMKNN). Widiharih et al. (2018) did credit scoring using kernel discriminant, 

normal kernel is relevant to be selected for credit scoring model. Pratiwi et al. (2019) used the 

Pseudo Nearest Neighbor (PNN) method, applied to national bank in central of Java, K nearest 

neighbor (KNN) is better than PNN. Mukid et al. (2019), compared several nonparametric 

methods based on K Nearest Neighbor (KNN), Distance Weighted KNN (DWKNN), PNN, 

LMKNN and applied it to customers' data in micro credit a government bank in Wonogiri 

district. LMKNN is better than the other methods.  

The parametric method used to credit scoring by classification is discriminant analysis. 

Mukid & Widiharih (2016) conducted a credit assessment using discriminant analysis with 

mixed of independent variables binary and continuous variables, applied to banks in Lampung 

City. Classification errors in the training data were 0.1970 and 0.3753 in the test data. Another 
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parametric model is binary logistic regression, Sa'idah et al. (2021) use this method to assess 

motorcycle loans with an accuracy of 76.38%.   

Credit scoring analysis by taking into account the time until the occurrence of default 

has also been studied. Credit scoring can be analyzed using survival analysis  (Narain, 1992). 

Cox regression model is a semiparametric method in survival analysis (Collet, 2003), it does 

not need to follow a certain distribution but must meet the proportional hazard assumption. If 

this assumption is not met, then the model is said non-proportional hazard (Ata and Sozer, 

2007). Kurniawan et al. (2015) use Extended Cox model for motorcycle financing data. Gupta 

(2017) has applied the Cox proportional hazard model for impact of financial ratios and capital 

market ratios. Dirick et al. (2017) used Cox and accelerate failure test models for Belgian and 

UK financial institutions.  

The nonparametric survival methods are the Kaplan-Meier and Nelson-Aalen 

estimators. This analysis is used in the case of small data and does not follow a particular 

distribution. The researchers who have done this method including Njomen & Wandji (2014) 

work in theory on some asymptotic properties of nonparametric estimator and applied it in 

completing risks.  Jaber et al. (2017) used the Kaplan-Meier and Nelson-Aalen estimators 

which were applied to banking data in Jordan, Nelson-Aaleen was better than Kaplan-Meier. 

Besides that, they also do parametric models including Exponential, Log-normal, Log-

logistic, Gamma, Weibull, and Gompertz. The results Gompertz model is the best model. 

Sukono et al. (2018) did the application of Kaplan-Meier and Nelson-Aalen estimators for 

estimating mean and variance of infected duration of dengue fever. Hikmah and Ekawati 

(2021), the results are not significant differences between recovery time for husband and wife 

sufferers of hypertension.  Obed et al (2021) did the application of Kaplan-Meier and Nelson-

Aalen estimators to COVID-19 cases in Kurdikistan. The result, Nelson-Aalen estimator 

demonstrated that the chances of surviving were higher during a short period after being 

exposed to the virus. 

The purpose of this research is to determine the Kaplan-Meier and Nelson-Aalen 

estimators that are applied to data of part private banks in the Aceh region. The first step is 

goodness of fit test of the distribution of survival time data, which shows that there is no 

suitable distribution with the data so using Kaplan-Meier and Nelson-Aalen is appropriate. 

We determine survival probability and cumulative hazard. The Kaplan-Meier estimator is 

based on gender and the adequacy of the customer's balance is also done.   

 

2. LITERATURE REVIEW.  

Kaplan-Meier and Nelson-Aalen are used in the case of small data and do not follow 

a particular distribution. One of the tests used to test the suitability of data following a certain 

distribution is the Anderson-Darling test (AD-Test). The Anderson-Darling Goodness of Fit 

Test (AD-Test) is a measure of how well your data fits a specified distribution.  

2.1. AD-Test  

The hypotheses for the AD-test are: 

H0: The data comes from a specified distribution. 

H1: The data does not come from a specified distribution. 

The formula of AD is: 

𝐴𝐷 = −𝑛 −
1

𝑛
∑(2𝑖 − 1)

𝑛

𝑖=1

(ln 𝐹(𝑋𝑖)) + ln(1 − 𝐹(𝑋𝑛−𝑖+1)) (1) 
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where 𝑛: the sample size; 𝐹(𝑋𝑖): Cumulative Distribution Function for the specified 

distribution; i: the i-th sample, calculated when the data is sorted in ascending order. Reject 

H0 if p-value < α where p-value depends on the specified distribution 

2.2. Survival Analysis 

Survival analysis is a statistical method to analyze data of time until an event occurs 

(Kleinbaum & Klein, 2012). The survival time of an individual is denoted by 𝑇 with the 

probability density function 𝑓(𝑡). There are three functions in survival analysis. The functions 

are the probability density function 𝑓(𝑡), survival function 𝑆(𝑡), and the failure function ℎ(𝑡). 

Survival function is the probability of an individual surviving more than time t. It can 

be written as follows:  

𝑆(𝑡) = 𝑃(𝑇 > 𝑡) (2) 

The function 𝑆(𝑡) is a non-increasing function with respect to time 𝑡 with the properties 

𝑆(0) = 1 and lim
𝑡→∞

𝑆(𝑡) = 0. 

The hazard function is denoted by h(t) and is defined as the probability of an object 

failing in the interval time 𝑡 + ∆𝑡 if the object has been survived in time 𝑡. 

ℎ(𝑡) = lim
∆𝑡→0

𝑃(𝑡 ≤ 𝑇 ≤ 𝑡 + ∆𝑡|𝑇 ≥ 𝑡)

∆𝑡
=
𝑓(𝑡)

𝑆(𝑡)
= −

𝑑

𝑑𝑡
(ln 𝑆(𝑡)) (3) 

The cumulative hazard function is defined as: 

𝐻(𝑡) = ∫ ℎ(𝑥)
𝑡

0

𝑑𝑥 (4) 

The relationship between the survival function and cumulative hazard function is:  

𝑆(𝑡) = exp(−𝐻(𝑡)) (5) 

𝐻(𝑡) = − ln 𝑆(𝑡) (6) 

2.3. Kaplan-Meier Estimator 

The Kaplan-Meier method is a non-parametric survival method that does not require 

assumptions to follow a certain distribution (Kleinbaum & Klein, 2012). In this case, we use 

right censored data, so it is commonly called time to event data. Data is denoted 

by{(𝑡𝑖, 𝑑𝑖)𝑖 = 1,2, … . 𝑛} where 𝑡𝑖 is time to even dan 𝑑𝑖 status of censored.  Let the event 

occurs at D distinct times 𝑡1 < 𝑡2 < ⋯ < 𝑡𝐷 , at time 𝑡𝑖 there are 𝑑𝑖 events, 𝑛𝑖 the number of 

individuals at risk at time 𝑡𝑖. The survival function S(t) of the Kaplan Meier estimator is:  

�̂�(𝑡) = {

1 if𝑡 < 𝑡𝑖

∏ (
1− 𝑑𝑖
𝑛𝑖

)
𝑡𝑖≤𝑡

if𝑡𝑖 ≤ 𝑡
 (7) 

Cumulative hazard  �̂�(𝑡) is determine by �̂�(𝑡) = − ln (�̂�(𝑡)) 

The estimate of Var (�̂�(𝑡)) is: 

�̂� (�̂�(𝑡)) = �̂�(𝑡)2∑
𝑑𝑖

𝑛𝑖(𝑛𝑖 − 𝑑𝑖)
𝑡𝑖≤𝑡

 (8) 

The (1 − 𝛼)100% pointwise confidence interval for survival function 𝑆(𝑡) at 𝑡 = 𝑡𝑘  is: 

https://www.statisticshowto.com/cumulative-distribution-function-cdf/
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�̂�(𝑡𝑘) ± 𝑍𝛼/2√�̂� (�̂�(𝑡𝑘)) �̂�(𝑡𝑘) (9) 

Where 𝑍𝛼/2 is upper-tail 𝛼/2 percentile of standard normal distribution 

2.4. Nelson-Aalen Estimator 

Nelson-Aalen estimator is used to determine the cumulative hazard function and it is 

defined as follows:  

�̂�(𝑡) = {

0 if𝑡 < 𝑡𝑖

∑
𝑑𝑖
𝑛𝑖

𝑡𝑖≤𝑡

if𝑡𝑖 ≤ 𝑡 (10) 

Survival function �̂�(𝑡)is determine by �̂�(𝑡) = exp(−�̂�(𝑡)) 

The estimate of variance (�̂�(𝑡)) is: 

�̂� (�̂�(𝑡)) =∑
𝑑𝑖
𝑛𝑖2

𝑡𝑖≤𝑡

 (11) 

The (1 − 𝛼)100% pointwise confidence interval for cumulative hazard: 

�̂�(𝑡𝑖) ± 𝑍𝛼/2√�̂� (�̂�(𝑡𝑘)) (12) 

2.5. Mean Survival Time 

Estimator of mean survival time is: 

�̂� = ∫ �̂�(𝑡)
𝜗

0

𝑑𝑡 (13) 

where 𝜗 is either the highest time to event or preassigned by the researcher. 

The alternative to determine �̂�   using: �̂� = ∑ �̂�𝐷
𝑖=1 (𝑡𝑖−1)(𝑡𝑖 − 𝑡𝑖−1)  where 𝒕𝐷 is the highest 

time to event and t0 = 0 (Zeng, 2017). 

The estimated variance of �̂� is: 

�̂�(�̂�) =∑(∫ �̂�(𝑡)
𝜗

𝑡𝑖

)

2𝐷

𝑖=1

𝑑𝑖
𝑛𝑖(𝑛𝑖 − 𝑑𝑖)

 (14) 

Standard error of  �̂� is √�̂�(�̂�)   
 

3. MATERIAL AND METHOD  

Credit scoring analysis is applied to small branch offices of private banks in the Aceh   

region. Data used up to 31 July 2021, we obtain the data from bank employees. Research 

variables are presented in Table 1.  

The steps of the analysis are: (1) Goodness of fit test of the distribution of survival 

time data with the Anderson Darling test to conclude that the nonparametric approach is 

suitable for the data; (2) Determine estimator Kaplan-Meier includes survival probability and 

their cumulative hazard; (3) Plotting the survival probability of Kaplan-Meier; (4) Determine 
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estimator Nelson-Aalen includes cumulative hazard and their survival probability; (5) Plotting 

the survival probability of Nelson-Aalen; (6) Plotting the survival probability of Kaplan-

Meier and Nelson-Aalen in the same graph; (7) Plotting the cumulative hazard of Kaplan-

Meier and Nelson-Aalen in the same graph; (8) Plotting the survival probability of Kaplan-

Meier based on gender; (9) Plotting the survival probability of Kaplan-Meier based on balance 

adequacy, (10) Determine mean survival time and standard error of mean survival for Kaplan-

Meier and Nelson-Aalen estimator. 

 

 

 

 

 

 

 

 

4. RESULTS AND DISCUSSION 

Based on 56 data customers, there are 11 customers with bad status, and 45 customers 

with good status. Customers with bad status are 6 females and 5 males, but based on balance 

adequacy there are 10 sufficient balance and 1 insufficient balance. Goodness of fit by 

Anderson-Darling method is presented in Table 2.  

 

 

 

 

 

 

 

 

Table 3. Survival Probability and Cumulative Hazard for Kaplan-Meier Estimator 

Time Event Number at risk Number failed Survival probability Cumulative hazard 

0≤ t<7 56 1 0.982143 0.018018 

7≤t <8 51 1 0.962885 0.037821 

8≤t<12 34 1 0.934565 0.067674 

12≤t<3 31 1 0.904418 0.100464 

13≤t<17 19 1 0.856817 0.154531 

17≤t<44 10 1 0.771135 0.259892 

44≤t<65 7 1 0.660973 0.414042 

65≤t<73 6 2 0.440649 0.819507 

73≤t<78 3 1 0.293766 1.224972 

78≤t<83 2 1 0.146883 1.918119 

Table 1. Research Variables 

No Variable Description 

1 Instalment periode (T) Duration time of payment (in months) 

2 Status of Credit 
1: bad credit 

0: good credit 

3 Gender (X1) 
1: male 

0: female 

4 Balance adequacy (X2) 
1: Sufficient balance 

2: Insufficient balance 

Table 2. Goodness of Fit for Survival Time 

Distribution AD P  
Normal 6.691 <0.005    

Lognormal 2.311 <0.005    

Exponential 3.551 <0.003    

Weibull 3.540 <0.001    

Gamma 3.699 <0.005    

Logistic 5.594 <0.005    

Loglogistic 1.956 <0.005    
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Based on  Table 2 it can be concluded that there is no suitable distribution for survival 

time, so a nonparametric approach can be used. The Kaplan-Meier estimator is obtained in 

Table 3, the graph of survival probability is presented in Figure 1. Based on Table 3 shows 

that time event 73 months the survival probability less than 0.5, it indicated that mean survival 

time between 65 to 73 months.  

 

Figure 1. Curve of Survival Probability Kaplan-Meier Estimator 

The Nelson-Aalen estimator is obtained in Table 4, the graph of survival probability 

is presented in Figure 2. Based on Table 4, it relatively same with Table 3, shows that time 

event 73 months the survival probability less than 0.5, it indicated that mean survival time 

between 65 to 73 months. Plot survival probability Kaplan-Meier versus Nelson Aalen is 

presented in Figure 3. 

Table 4. Survival Probability and Cumulative Hazard for Nelson-Aalen Estimator 

Time Event Number at risk Number failed Survival probability Cumulative hazard 

0 ≤ t < 7 56 1 0.9820 0.01816 

7 ≤ t < 8 51 1 0.9630 0.03770 

8 ≤ t < 12 34 1 0.9350 0.06721 

12 ≤ t < 13 31 1 0.9060 0.10093 

13 ≤ t < 17 19 1 0.8590 0.15432 

17 ≤ t < 44 10 1 0.7770 0.26007 

44 ≤ t < 65 7 1 0.6740 0.41400 

65 ≤ t < 73 6 1 0.4830 0.81871 

73 ≤ t < 78 3 2 0.3460 1.22418 

78 ≤ t < 83 2 1 0.2100 1.91732 

 

 

Figure 2. Curve of Survival Probability Nelson-Aalen Estimator 
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Figure 3. Curve of Survival Probability for Kaplan-Meier versus Nelson-Aalen 

Based on Figure 3 shows that the survival probability of the two estimators is relatively 

the same. The plot of the cumulative hazard function of Kaplan-Meier versus Nelson-Aalen 

is presented in Figure 4. 

 

Figure 4. Curve of Cumulative Hazard for Kaplan-Meier versus Nelson-Aalen 

Based on Figure 4 it can be seen that the cumulative hazard function of Nelson-Aalen 

with a life time more than 65 months is slightly higher. The survival probability plot of 

Kaplan- Meier based on gender is presented in Figure 5 and survival probability plot based 

on balance adequacy is presented in Figure 6. 

 

Figure 5. Curve of Survival Probability of Kaplan-Meier Based on Gender 
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Based on Figure 5 it can be seen that the survival probability of women is higher than 

men. Based on Figure 6 it can be seen that the survival probability of insufficient balance is 

higher than sufficient balance. 

 

Figure 6. Curve of Survival Probability of Kaplan-Meier Based on Balance Adequacy 

Mean survival time and standard error for Kaplan-Meier and Nelson-Aalen estimator 

is presented in Table 5. 

Table 5. Mean Survival Time and Standard Error 

for Kaplan-Meier and Nelson-Aalen Estimator 

Estimator Mean time Standard Error 

Kaplan-Meier 65.519 5.51932 

Nelson-Aalen 66.700 5.60000 

Based on Table 5 the mean time of the Nelson-Aalen estimator is higher , this result 

is the same with Obed (2021).  The standard error of the Nelson-Aalen is slightly higher 

than the Kaplan-Meier estimator, this result is different with Jaber (2017).  

 

5. CONCLUSION 

Based on Table 2 and Table 4, survival probability of Kaplan-Meier and Nelson-

Aaleen are relatively the same until time event 13. Based on mean time Nelson-Aalen longer 

than Kaplan-Meier. Based on standard error, Kaplan-Meier is better than Nelson-Aalen. 

Based on gender, survival probability of men is smaller than women. Based on balance 

adequacy, survival probability of sufficient balance adequacy is smaller than insufficient 

balance adequacy.  
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