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Introduction

Types of events in health research

Int J Epidemiol. 2015;44(1):324-33; Epidemiology: Open Access. 2018;08

- Chronic in nature

- Occur to an individual only once 

- E.g., Hypertension, AIDS, Diabetes, and Cystic fibrosis

Non-reversible events

Reversible events

- Acute in nature

- Occur to an individual more than once

Multiple events

❖ Repeated events, which are not exactly same type but somewhat related

❖ E.g., repeated hospitalization due to different reasons (hospitalization due to road 

accident, hospitalization due to fall, hospitalization due to fever)

Recurrent events

❖ Repeated event, which are the same type 

❖ E.g., acute exacerbations in asthmatic children, seizures in epileptics, low back pain 

in women, skin cancer, myocardial infarctions, migraine pain, and sports injuries
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Introduction
(cont.)

Characteristics of recurrent events

Int J Epidemiol. 2015;44(1):324-33; Epidemiology: Open Access. 2018;08

Within subject correlation

Event dependency

❖ An event itself accelerates or decelerates the rate of subsequent event.

❖ E.g., the first heart attack occurs to a subject, chances of happening second heart 

attack become increase because during the first heart attack some part of the heart get 

damaged.

Heterogeneity

❖ Some subjects are more prone to experiencing a larger number of events than other 

subjects because of some unknown, unmeasured or immeasurable reasons.

Time varying covariates

❖ Covariates whose value can change during follow‐up.
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Introduction
(cont.)

Why conventional statistical methods are not appropriate?

Int J Epidemiol. 2015;44(1):324-33; Epidemiology: Open Access. 2018;08

T-test or Mann Whitney (Wilcoxon’s Rank-sum) test

❖ Limited up to 2-3 confounding factors

❖ Violated normal distribution and uniform risk across the events 

❖ Unable to accommodate time-dependent covariate

Logistic regression

❖ Not distinguishing the subjects with different number of events and puts them all in 

one basket, ignoring the number of events

❖ Unable to accommodate time-dependent covariate

Cox proportional hazard regression

❖ Usually uses information up to first or last event only, and all information after first 

event is not used in analysis.

❖ First event is not representative of subsequent events or risk of first event affects risk 

of a sub-sequent event.
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Introduction
(cont.)

Available approaches for modeling recurrent events

Int J Epidemiol. 2015;44(1):324-33; Epidemiology: Open Access. 2018;08

- Poisson regression 

- Negative Binomial regression

Non-survival approaches

Means/Rates models

- Lin, Wei, Yang, and Ying (JRSS-B, 2000)

Hazards/Intensity models

❖ Variance correction methods

- Andersen-Gill (AG) model (Annals of Statistics, 1982)

- Prentice, Williams and Peterson (PWP) model (Biometrika, 1981)

- Wei, Lin and Weissfeld (WLW) Marginal model (JASA, 1989)

❖ Frailty methods

- Standard frailty model (Lifetime Data Anal, 1995)

- Conditional frailty model (Stat Med, 2006)

Survival approaches
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Commonly used 
models

❖ Aims: To identify and describe existing 

methodology being applied for the 

development and validation of prediction 

models for recurrent event outcome data.

❖ MEDLINE, inception to 24 October 2019 

❖ Inclusion: (1) developed or validated a 

multivariable prediction model for 

recurrent event data predicting the risk of 

future recurrences, (2) included both the 

number of recurrent events and the timing 

between them as part of the model. 

❖ Exclusion: (1) analyzed the time to the 

first event, (2) analyzed only the number 

of events using a Poisson or Negative 

Binomial model, (3) considered only one 

prognostic factor.

Systematic review

Diagn Progn Res. 2024;8(1):13
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Commonly used 
models

(cont.)Systematic review

Diagn Progn Res. 2024;8(1):13

8



Literature

Clinical Epidemiology and Global Health. 2019;7(2):253-60

❖ Objective: To summarize various methods for modelling recurrent event 

data and would show the differences in estimation and interpretation of 

recurrent event approaches, as well as to sensitize appropriate models, 

based on research objectives for the longitudinal study.
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Materials and 
methods

Clinical Epidemiology and Global Health. 2019;7(2):253-60
* International Journal of Pediatric Otorhinolaryngology. 2012;76(12):1835-9

Objective
❖ To study the incidence and age-related prevalence and risk factors associated with upper 

respiratory infection (URI) in a birth cohort of Indian infants in the first year of life

Dataset*

Outcome
❖ URI using nasopharyngeal swabbing 

with a calcium alginate swab stick
❖ Criteria: mucoid or mucopurulent secretion 

in the nasal cavity + mother’s history of the 

child having a runny nose with or without 

cough or fever + not feeding well

Data collection
❖ Patient information was obtained from their 

parents.

❖ Socio-demographic history and related risk 

factors (e.g., smoke exposure, daily care)

❖ At birth and at monthly scheduled visits 

Participants
❖ 210 babies with newborn were 

recruited between February 2009 and 

August 2009.

Study design 
❖ Prospective cohort study 

❖ Conducted in Christian Medical College, 

Vellore, India 

❖ Between February 2009 to August 2010
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Materials and 
methods

(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60

Models

❖ Cox proportional hazard model

Standard methods

❖ Andersen-Gill (AG) model

❖ Prentice, Williams and Peterson-Counting Process (PWP-CP) model

❖ Prentice, Williams and Peterson-Gap time (PWP-GT) model

❖ Wei, Lin and Weissfeld (WLW) Marginal model

Variance correction methods

❖ Standard frailty model

Frailty methods
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Results

Clinical Epidemiology and Global Health. 2019;7(2):253-60

❖ 17 infants (8.1%) from 210 infants did not return to the study after birth. 

❖ Number of recurrence experienced by infants ranged between 0 to 10 during the follow-up.

❖ The URI recurred at least once in 193 subjects and highest recurrence events (9 and 10 times) 

were observed in 7 patients.

Rate of URI and visits

❖ A total of 163 infants (77.6%) had 6-13 

visits whereas 30 infants (14.3%) made 

< 5 visits. 

❖ The median number of visits for these 

193 infants was 9 visits. 

❖ In thousand days of life, 845 records 

from 747 upper respiratory patients were 

followed-up during the study period and 

three infants died during the period of 

the study. 
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Socio-demographic and baseline characteristics

Results
(cont.)
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Socio-demographic and baseline characteristics by URI recurrent events

Results
(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60
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Results
(cont.)

Risk factors for URI recurrent events in the first year of life

1 54 2 3

Clinical Epidemiology and Global Health. 2019;7(2):253-60
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Results
(cont.)

AG model and frailty model comparison

❖ AG model

❖ Frailty model 

Frailty Zi is the unobserved (random) common risk factors shared by all 

subjects in cluster ‘i’ and is assumed to be i.i.d random variable with 

unit mean and unknown variance θ. 

Clinical Epidemiology and Global Health. 2019;7(2):253-60

AG + PWP-CP

PWP-GT
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Results
(cont.)

Risk factors for URI recurrent events in the first year of life

Clinical Epidemiology and Global Health. 2019;7(2):253-60
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Discussion

Clinical Epidemiology and Global Health. 2019;7(2):253-60; 
Int J Epidemiol. 2015;44(1):324-33; Epidemiology: Open 
Access. 2018;08

❖ Assumes: Recurrent events within subject are independent and share common baseline 

hazard.

❖ The risk of the repeated infections remains constant, irrespective of the number of previous 

infections.

❖ This assumption is usually untenable. 

Andersen-Gill (AG) model
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Discussion
(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60

Andersen-Gill (AG) model
❖ Data structure and analysis (R program)
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Discussion
(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60; 
Int J Epidemiol. 2015;44(1):324-33; Epidemiology: Open 
Access. 2018;08

❖ Assumes: Recurrent events within subject are related and baseline hazard is varied 

from event to event or subject is not at risk of a second event until the first event has 

occurred.

Prentice, Williams and Peterson (PWP) model

PWP-CP model

- Time from entry (time to each event is 

measured from entry time)

- Interested in knowing the effect of intervention 

on the outcome from the beginning

PWP-GT model

- Time from previous event (time to each event is 

measured from the previous event)

- Interested in knowing effect from previous 

event(s)

❖ Limitation: might give unreliable estimates for 

higher order events because as the event order 

increases, number of subjects in the risk set is 

decreased.
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Discussion
(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60

Prentice, Williams and Peterson (PWP) model
❖ Data structure and analysis (R program) of PWP-CP model
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Discussion
(cont.)

Gap time = Stop - Start time 

Clinical Epidemiology and Global Health. 2019;7(2):253-60

Prentice, Williams and Peterson (PWP) model
❖ Data structure and analysis (R program) of PWP-GT model
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Discussion
(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60; 
Int J Epidemiol. 2015;44(1):324-33; Epidemiology: Open 
Access. 2018;08

❖ Assumes: Each recurrence as separated process and no ordering among events within subject. 

❖ The marginal risk set at time t for event k is made up of all subjects under observation at time t 

regardless of whether they had experienced or not events 1, ··· , k−1.

Wei, Lin and Weissfeld (WLW) Marginal model

❖ Only variance-corrected model which can 

be applied to multiple events of same 

type of events or multiple events of 

different types of events.

❖ E.g., during neonatal intensive care unit 

(NICU) stay, a neonate is at the risk of 

several events simultaneously such as 

infection due to gram positive organism, 

infection due to gram negative organism, 

necrotizing enterocolitis, meningitis, 

jaundice, and diarrhea etc. Each of these 

can occur more than once in any order. 
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Wei, Lin and Weissfeld (WLW) Marginal model

Discussion
(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60

❖ Data structure and analysis (R program)
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Discussion
(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60; 
Int J Epidemiol. 2015;44(1):324-33; Epidemiology: Open 
Access. 2018;08

❖ Assumes: Correlation among recurrent events is due to tendency that some individuals are 

more prone to develop recurrent event as compared to others because of some 

unobserved/unknown factors.

❖ The association between recurrent events is explicitly modeled as a random-effect term, 

called the frailty shared by all members of the cluster.

❖ Factors may be socio-demographic, environment, behavioral or genetic.

Frailty model
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Discussion
(cont.)

Clinical Epidemiology and Global Health. 2019;7(2):253-60

Frailty model

❖ Data structure and analysis

❖ Data structure and analysis (R program)
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Discussion
(cont.)

Biostatistics & Epidemiology. 2023;7(1):e2283650.
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Malaria Journal. 2014;13(1):293

Discussion
(cont.)

Continuous vs Discontinuous risk intervals
❖ Objective: Comparing different approaches analyzing recurrent malaria episodes, with 

continuous and discontinuous risk interval models.

❖ The discontinuous risk interval analysis was found to be the more appropriate approach.
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Conclusion

Clinical Epidemiology and Global Health. 2019;7(2):253-60

❖ Number of events

❖ Relationships among subsequent events

❖ Biological understanding for a 

particular disease (e.g., infections).

❖ Within-subject correlation

❖ Varying covariates

❖ Sample size

Key factors for selecting models to analyze recurrent events

❖ Selection of an appropriate method should not rely solely on statistical criteria (i.e., 

high log likelihood value).

❖ It should also be guided by the research question and a clinical knowledge on the events 

of interest. 

❖ The PWP-CP model fit the data appropriately while the biological process also suggested 

the same model.

Study findings

❖ The structure of the data significantly influences the analysis of recurrent events.

Importance of data structure 
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Artificial Intelligence Review. 2024;57(3):65.

ML/DL models

ML/DL models for modeling recurrent events

❖ DL for survival analysis: a review
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1. Gupta G, et al. 2019; 2. Kopper P, et al. 2022; 3. Murris et al. 2024; 4. Runquan, et al. 2024  

ML/DL models
(cont.)

ML/DL models for modeling recurrent events

(2019) CRESA: 

A Deep Learning Approach to Competing 

Risks, Recurrent Event1

(2024) LSTM-COX Model: 

A Concise and Efficient Deep Learning 

Approach for Handling Recurrent Events4

(2024) Random survival forests 

for the analysis of recurrent events for right-

censored data, with or without a terminal event3

(2022) DeepPAMM: 

Deep Piecewise Exponential Additive 

Mixed Models for Complex Hazard 

Structures in Survival Analysis2
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