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Abstract. Survival analysis deals with monitoring entities over their 

lifetime. The definition of "birth" and "death" events depends on the na-

ture of a given entity.  When we observe an infinite stream of birth and 

death events, at each point in time some of the monitored entities are 

"right-censored", i.e. we know the time elapsed since their birth event, 

but their death event has not occurred yet and we do not know when it 

will occur in the future.   Often, the snapshots of partially censored ob-

servations keep arriving over time in the form of a data stream. Given 

each snapshot, we may be interested to predict the timing of death 

events for all live entities or, alternatively, to predict their label ("sur-

vived" or "failed") as a function of time. In this research, our intention 

is to modify standard classification algorithms, such as decision trees, 

so that they can seamlessly handle a snapshot stream of both censored 

and non-censored data. The objective is to provide reasonably accurate 

predictions after observing relatively few snapshots of the data stream 

and to improve the classification model with additional information ob-

tained from each new snapshot.   

Keywords: Data stream mining; survival analysis; censored data; clas-

sification; probability estimation. 

1 Extended Abstract 

1.1 Motivation 

Survival analysis [2] deals with monitoring entities over their lifetime. The definition 

of "birth" and "death" events depends on the nature of a given entity.  In the health 

care domain, the "birth event" may represent the biological birth of a patient as well 

as some medical procedure (e.g., surgery), whereas the "death event" may indicate the 

actual patient's death or some critical change in the patient condition (e.g., cancer 

recurrence).  

Survival analysis is applicable to many additional domains.  Thus, in Customer Rela-

tionship Management (CRM), the entities are customers who are "born" when they 

subscribe to a service and "die" when they churn.  The service provider is usually 
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interested to estimate the customer retention ("survival") probability within a pre-

defined period (e.g., one year).  In the equipment maintenance domain, an item (e.g., 

a vehicle) is born when it is manufactured or shipped to a customer and it dies when 

there is a failure. Car manufacturers are particularly interested in estimating the fail-

ure probabilities during the warranty period.  

When we observe an infinite stream of birth and death events, at each point in time 

some of the monitored entities are "right-censored", i.e. we know the time elapsed 

since their birth event (called "observed lifetime"), but their death event has not oc-

curred yet and we do not know when it will occur in the future.   Often, the snapshots 

of partially censored observations keep arriving over time in the form of a data 

stream.  Given each snapshot, we may be interested to predict the timing of death 

events for all live entities or, alternatively, to predict their label ("survived" or "dead") 

as a function of time. 

1.2 Proposed Methodology 

The traditional approach to estimating the survival probability is to use the entity age 

as the only predictive feature.  The Kaplan-Meier method (also called the product-

limit estimator) is used to estimate the survival function, the probability to survive 

beyond a specific time from incomplete observations. It was first proposed by Böh-

mer in 1912 and rediscovered by Kaplan and Meier in 1958 [1].  The survival proba-

bility is estimated separately for each observed lifetime in the dataset. It is assumed 

that the probability of surviving each lifetime is statistically independent of every 

other lifetime. The Kaplan–Meier estimate of the survival curve S(t) is then: 
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where  n(ti) is the number of objects “at risk” (not lost through censoring or failure) at 

time ti and  di  is the number of objects which failed at time ti. Usually di = 1, since ti  

is chosen as the observed time to failure. 

The purpose of the algorithm proposed here is to provide an accurate probability es-

timation model for each incoming data snapshot, with special consideration to cen-

sored records.  The goal is to estimate the probability of an event (such as a disease 

recurrence in a patient or a technical failure in a car) within a pre-defined “follow-up” 

period based on multiple predictive features (such as patient demographic data or 

vehicle usage data). In each snapshot, the model induction process is done in a similar 

way to the approach of [4] by estimating the probability of the different outcomes of 

censored records based on the survival curve estimation. However, unlike the study 

of [4], which is aimed at inducing an accurate classification model from a single snap-

shot of survival data, here we deal with a stream of snapshots that keep arriving over 

time, whereas we are interested to estimate the failure probability for records in each 

new snapshot. 

In each snapshot, there is a record for every monitored entity. If the record has a class 

label (it has a failure or its follow-up period has expired) then this record can be con-
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sidered as uncensored. Otherwise, this record will be considered as censored and it 

will be stored along with its age (observed lifetime) value – the time, which passed 

since its creation (“birth”). The age value is used later to calculate the record weight 

based on the Kaplan-Meier estimation. The algorithm also compares the current and 

the previous data snapshots to determine for each record, whether this record became 

uncensored for the first time in this snapshot or not. 

For every censored record, instead of a single outcome, two class labels are consid-

ered: survival and failure.  Given the age Tx of a censored record x and the follow-up 

period Tf (Tx ≤ Tf), the weight of the record survival outcome is calculated by Eq. 2. 

       
  (  )

      
 (2) 

Where       is the Kaplan – Meier estimation for survival probability at a time t 

based on Eq. 1.  The weight of the failure outcome is               . 

To avoid dealing with record "portions", two record copies are created: one labeled by 

S and weighted with the    value and the other one labeled by F and weighted with 

the    value. Censored and non-censored records can be easily combined into a sin-

gle dataset by assigning each non-censored record x the weight of       1.0. The 

probability of each class label C (survival S or failure F) in the resulting dataset is 

then calculated by Eq. 3. 

      
∑        

∑      
  (3) 

Where the values of      are calculated by the Kaplan – Meier estimation for 

censored records and are equal to 1.0 for non-censored records. 

1.3 Preliminary Results 

The accuracy evaluation of the algorithm is done in every snapshot by applying the 

model induced from the previous snapshot to the new uncensored records in the cur-

rent snapshot. We assume that the focus on those records as a testing set reflects well 

the real-world scenario where at each point in time we are interested to estimate the 

failure probability for censored (unlabeled) records only. The model accuracy is eval-

uated by building an ROC curve and calculating the Area under ROC curve (AUC). If 

the accuracy is significantly below a certain value defined explicitly by the user then 

the model is considered inaccurate implying that it should be replaced by a new mod-

el based on the new information. Each new model is based on all the data available in 

a given snapshot, including censored records. This is done by estimating the distribu-

tion of the different classes for each censored record according to the survival curve 

estimation as described in [4]. 

In warranty data and survival data, we are interested in failure prediction model for a 

specific pre-defined prediction period, also called “follow-up period” [4]. For exam-

ple, in warranty data, one of the natural prediction periods would be the warranty 

period. Usually the period starts with a special 'birth' event which denotes the event 

when the 'clock starts ticking' towards a failure (“death”) event. In warranty data, such 

Survival Analysis Meets Data Stream Mining RealStream 2013

28



an event may be associated with the product delivery to the customer.  The follow-up 

period can also be defined as any usage interval in warranty data (e.g., car mileage 

between 1,000 and 2,000 miles). 

We are currently evaluating our algorithm for mining censored data streams on sever-

al real-world datasets from the following domains: vehicle warranty data, patient re-

infection data, and customer retention data. According to our preliminary results, the 

proposed algorithm may increase the predictive accuracy by as much as 20% vs. the 

baseline approach, which ignores the censored data. 

1.4 Future Research 

For simplicity, our algorithm refers to situations where only two outcomes are possi-

ble for each entity: “success” (survival of the follow-up period) and “failure”. This is 

a typical case in warranty data and in survival analysis. An extension to the general 

case of censored data where multiple outcomes are possible is straightforward and 

requires minor adaptations in all steps of the algorithm. 

Although the algorithm proposed here produces a model for a classification problem, 

it may easily be adapted to the case of probability estimation problem. For example, 

instead of a simple decision tree model, the algorithm may use the probability estima-

tion tree (PET) model [3], which can reflect different probabilities for each outcome.  

The decision whether to produce a classification model or a probability estimation 

model in a given domain is subject to the user preferences. In some domains, such as 

in warranty data of high quality products, there are very few records of actual failures. 

In such cases, a classification model is useless – it will always predict a “success”. A 

probability estimation model would be an obvious alternative in such cases.   In gen-

eral, any classification model can be adapted to the proposed algorithm as long as it 

can process weighted data instances.  The induced models can be evaluated using 

various measures such as classification accuracy, classification sensitivity, AUC (as 

in the case of the warranty data example), etc. 
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