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Abstract: Case-crossover design is a variation of case-control design that it employs persons’ history periods as 

controls. Case-crossover design can be viewed as the hybrid of case-control study and crossover design. Characteristic 

confounding that is constant within one person can be well controlled with this method. The relative risk and odds ratio, 

as well as their 95% confidence intervals (CIs), can be estimated using Cochran-Mantel-Haenszel method. R codes 

for the calculation are provided in the main text. Readers may adapt these codes to their own task. Conditional logistic 

regression model is another way to estimate odds ratio of the exposure. Furthermore, it allows for incorporation of other 

time-varying covariates that are not constant within subjects. The model fitting per se is not technically difficult because 

there is well developed statistical package. However, it is challenging to convert original dataset obtained from case report 

form to that suitable to be passed to clogit() function. R code for this task is provided and explained in the text.

Keywords: Case crossover; R; transient effect; risk ratio; conditional logistic regression; odds ratio

Submitted Mar 23, 2016. Accepted for publication Apr 21, 2016.

doi: 10.21037/atm.2016.05.42

View this article at: http://dx.doi.org/10.21037/atm.2016.05.42

Author’s introduction: Zhongheng Zhang, MMed. Department of Critical Care Medicine, Jinhua Municipal Central 
Hospital, Jinhua Hospital of Zhejiang University. Dr. Zhongheng Zhang is a fellow physician of the Jinhua Municipal 
Central Hospital. He graduated from School of Medicine, Zhejiang University in 2009, receiving Master Degree. He 
has published more than 35 academic papers (science citation indexed) that have been cited for over 200 times. He 
has been appointed as reviewer for 10 journals, including Journal of Cardiovascular Medicine, Hemodialysis International, 
Journal of Translational Medicine, Critical Care, International Journal of Clinical Practice, Journal of Critical Care. His major 
research interests include hemodynamic monitoring in sepsis and septic shock, delirium, and outcome study for critically 
ill patients. He is experienced in data management and statistical analysis by using R and STATA, big data exploration, 
systematic review and meta-analysis.



Zhang. Case-crossover design and its implementation in R

© Annals of Translational Medicine. All rights reserved. Ann Transl Med 2016;4(18):341atm.amegroups.com

Page 2 of 7

Introduction

Case-control study is a basic study design in epidemiology. 
It includes all incident cases and a sample of non-cases. 
Thus, as compared to the cohort study that includes 
all cases and controls during study period, case-control 
study is suitable for studying rare disease. However, it is 
also criticized for its difficulty in controlling between-
person confounding (1). Furthermore, case-control study 
investigates the cumulative effect of an exposure and it is 
difficult to disentangle acute transient effect from chronic 
effect. In response to these limitations, the case-crossover 
design was first developed by Maclure in 1991 (2). The 
same idea was introduced in a later paper (3). Since then, 
the case-crossover design has become increasingly popular 
in medical literature. By searching PubMed in April 2016 
[searching strategy: case crossover (title/abstract)], a total of 
1,044 citations were identified. The number of publications 
with case-crossover design increases exponentially in 
recent years (Figure 1). To assist clinicians become familiar 
with this design, this paper introduces some basic ideas 
and rationales behind case-crossover design. R codes for 
calculations of risk ratio and its variance are present in the 
main text. 

 

Understanding case-crossover design

Case-crossover design uses all cases for study, and non-
cases contribute nothing to the analysis. Because the effect 
of an exposure is transient, it defines a time window during 
which the risk of event is transiently elevated. After this 
window, the risk returns to the baseline level. The history 
preceding the event of interest is used as the controls. 
In this regard, case-crossover design can be viewed as 
matched case control design that controls are the same 
person before event occurs. Within each person, the 
person-time of exposure can be estimated by multiplying 
the frequency of exposure by effect time window. 
Unexposed person-time can be estimated by subtracting 
exposed person-time from the total person-time (4). 
Schematic illustration of the case-crossover design is 
shown in Figure 2. All patients have the event of interest 
being observed. All patients have intermittent exposure of 
risks, and there is a transient effect time window during 
which the risk is altered. Only patient 2 has the event 
occurring within the effect time window. In reality, the 
triggers can be coffee intake, sexual activity, environmental 
temperature and PM2.5 air pollution. The outcome events 

can be myocardial infarction (MI), emergency room visit, 
and intracranial hemorrhage (5-7). 

The Cochran-Mantel-Haenszel risk ratio can be written 
as:
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and the Cochran-Mantel-Haenszel odds ratio can be 

Figure 1 The number of publications with case-crossover design 
increases exponentially in recent years.
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Figure 2 Schematic illustration of the case-crossover design. The 
effect of exposure to a risk factor is short lived. Risk factor or trigger 
is represented by the thunder symbol. The transient effect time is 
represented by the dashed line. A star denotes the event. Note that 
only patient 2 has event occurring within the effect time. 
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written as:
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where i is an indicator of the ith stratum, and a, b, c, d, N1, 
N0 and N are number of participants as shown in Table 1. 

Because each case typically experiences one episode of 
events, either a or c is equal to 1; and the other is equal to 
zero. That is, this one episode of event occurs during either 
exposed or unexposed person-time. 

The Cochran-Mantel-Haenszel risk ratio for case 
crossover study can be written as:
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where i is the indicator of the ith case. Either a or c is equal 
to 1; and the other is equal to zero. N1 is exposed time, 
and N0 is the unexposed time. T is the total time (Table 2). 
Because T is typically the same for all participants, it can be 
eliminated from both numerator and denominator. 
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In the case crossover design, we usually know the 

frequency of trigger activity (frq), total observation time (T), 
time from last trigger activity to the event (t). 

The log variance of Cochran-Mantel-Haenszel RR can 
be written as (8):
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Because either a or c is 0, the last term of the numerator 
can be eliminated. The T2 can be dropped from numerator 
and denominator. i ia c+  is deleted because it equals to one. 
The equation can be rewritten as:
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The Cochran-Mantel-Haenszel odds ratio for case-
crossover design can be written as:
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Similarly, this equation can be simplified as:
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The log variance of Cochran-Mantel-Haenszel OR can 
be written as:
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Working example

We adapted the study by La Vecchia and colleagues 
investigating the association between coffee intake and MI (9). 
It is assumed that the transient effect of coffee lasts for one 
hour. The variable vectors for ten patients are generated by 
the following syntax:

> t<-c(9,1/3,3,22,6,7,12,5,0.5,24)

Table 1 Cross tabulation of risk factor exposure and outcome for 
the ith stratum

Variable Events Non-events Total 

Exposed a b c + d = N1

Unexposed c d c + d = N0

Total N

Table 2 Cross tabulation of exposure time and events for the ith case

Variable Events Non-events Total 

Exposed time a (efftime) b (frq-efftime) c + d = N1 (frq)

Unexposed 
time

c (1-efftime) d (T-frq-1+efftime) c + d = N0 (T-frq)

Total [1] (T-1) T

Note: annotations within the parenthesis were variable names 
used in our calculations. 
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> frq<-c(730,365,36,1820,2920,24,730,730,3650,365)

> T<-365*24

> efftime<-ifelse(t>=1,0,1)

> rr<-sum(efftime*(T-frq))/sum((1-efftime)*frq)

> rr

[1] 1.836166

The first line generates a variable t, which represents the 
interval between the last time of coffee intake and MI (hour). 
The frequency of coffee intake is recorded as counts in the 
preceding year. The first one has 730 coffee intakes per 
year, corresponding to twice per day. T is the total number 
of hours in a year. Vector efftime is a tag variable denoting 
whether MI occurs within one hour after coffee intake. 
The last line calculates the risk ratio of MI for periods with 
coffee effect versus those without coffee effect. Then, we 
proceed to estimate 95% confidence interval (CI) for RR. 
The variance in log scale is calculated and then transformed 
to the original scale.

> var.log<-sum(frq*(T-frq))/(sum(efftime*(T-

frq))*sum((1-efftime)*frq))

> se.log<-sqrt(var.log)

> lo.log<-log(rr)-1.96*se.log

> hi.log<-log(rr)+1.96*se.log

> lo<-exp(lo.log)

> hi<-exp(hi.log)

The Cochran-Mantel-Haenszel OR and its variance can 
be calculated using the following R syntax:

> or<-sum(efftime*(T-frq-(1-efftime)))/sum((1-efftime)*(frq-

efftime))

> var.log.or<-(sum(efftime*(T-frq-1+efftime)*(efftime+ 

T-frq-1+efftime))/(2*(sum(efftime*(T-frq-

1+efftime)))^2))+(sum(efftime*(T-frq-1+efftime)*(1-

efftime+frq-efftime)+(1-efftime)*(frq-efftime)*(efftime+(T-

frq-1+efftime)))/(2*sum(efftime*(T-frq-1+efftime))*sum((1-

efftime)*(frq-efftime))))+(sum((1-efftime)*(frq-efftime)*(1-

efftime+frq-efftime))/(2*(sum((1-efftime)*(frq-efftime)))^2))

> se.log.or<-sqrt(var.log.or)

> lo.log.or<-log(or)-1.96*se.log.or

> hi.log.or<-log(or)+1.96*se.log.or

> lo.or<-exp(lo.log.or)

> hi.or<-exp(hi.log.or)

> matrix<-matrix(round(c(rr,lo,hi,or,lo.or,hi.

or),2),nrow=2,byrow=TRUE)

> rownames(matrix)<-c("RR","OR")

> colnames(matrix)<-c("Value","low 95% CI","high 95% 

CI")

> matrix

Value low 95% CI high 95% CI

RR 1.84 0.34 9.81

OR 1.84 0.33 10.09

Conditional logistic regression

Since the case-crossover design can be viewed as matched 
case-control design with 1:M matched pairs, conditional 
logistic regression model can be utilized for the estimation 
of OR of the exposure of interest (4,10). However, the 
format of data frame described above is not suitable for 
regression modeling. Therefore the first step is to change 
the format of data frame, making it suitable for conditional 
regression analysis. In this example, the clogit() function 
contained in survival package is employed. The function 
requires that all person-times, including the exposed and 
unexposed, be regarded as an observation (e.g., each person-
time takes one row). An id variable is used to distinguish 
between individual patients.  

mat<-matrix(, nrow = T-1, ncol = 0)

for (i in 1:10) {

           if (T%%frq[i]==0) {

               exposure<-c(rep(c(1,rep(0,T/frq[i]-1)),frq[i]))[-T]

              }   else {

                exposure<-c(rep(c(1,rep(0,trunc(T/frq[i])-

1)),frq[i]),rep(0,T-frq[i]*trunc(T/frq[i])))[-T]

    }

     mat<-cbind(mat,exposure)

}

The first line creates a matrix with T-I rows and 0 
column. It is an empty matrix. Then I create a for() loop 
to generate a matrix of exposed and unexposed person-
times. In the mat matrix, each column represents one 
person. Because the first exposed time and its relation to the 
occurrence of MI are obtained via interview, it is isolated 
from the mat matrix. The recalled coffee drinking frequency 
in the preceding year is used to create the mat matrix. 
There are two kinds of persons. For the first one, the total 
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person-time T is divisible by the exposed person-time (frq). 
The exposed person time can be equally spaced during the 
past one year. For the second one, the total person-time T 
is not divisible by the exposed person-time (frq). The if-else 
statement is used to do the task. 

> commat<-rbind(efftime,mat)

> library(reshape2)

> data.wide<-as.data.frame(commat)

> colnames(data.wide)<-c(1:10)

> data<-melt(data.wide,measure=c(1:10))

> colnames(data)<-c("id","exposure")

> data$case<-rep(c(1,rep(0,T-1)),5)

>  head(data)

id exposure case

1 1 0 1

2 1 1 0

3 1 0 0

4 1 0 0

5 1 0 0

6 1 0 0

The above codes combine the person-time matrix with 
the first interviewed exposure. Then vectors of persons are 
stacked into one column using melt() function (11). The 
final data frame contains only thee variables including id, 
exposure and case. In conditional logistic model, id is used to 
indicate matched pairs. Here id variable identify persons. 
The variable exposure denotes exposed [1] and unexposed 
[0] person-time. The variable case represents the case period 
and control period. As expected, there is only ten case 
periods. 

The following codes perform conditional logistic 
regression analysis and its summary output. 

library(survival)

> mod<- clogit(case~exposure+strata(id),data)

> summary(mod)

Call:

coxph(formula = Surv(rep(1, 87600L), case) ~ exposure + 

strata(id), 

    data = data, method = "exact")

  n= 87600, number of events= 10 

coef exp(coef) se(coef) z Pr(>|z|)

exposure 0.6392 1.8950 0.8960 0.713 0.476

exp(coef) exp(-coef) lower .95 upper .95

exposure 1.895 0.5277 0.3273 10.97

Rsquare= 0   (max possible= 0.002 )

Likelihood ratio test= 0.47  on 1 df,   p=0.4934

Wald test            = 0.51  on 1 df,   p=0.4756

Score (logrank) test = 0.52  on 1 df,   p=0.4705

The first argument of clogit() function specifies the 
model structure. Differently from that in generalized linear 
model, there is a strata argument at the end of the equation. 
The strata() argument passes the id variable. The output 
shows that the estimated OR is 1.895 (95% CI: 0.327–
10.97), which is similar to that estimated by Cochran-
Mantel-Haenszel method. 

Time trend adjustment with conditional logistic 
regression model

Case-crossover design uses subjects as their own control, and 
thus it is able to eliminate confounding characteristics that 
are constant within subject. However, there is time trend 
confounding that cannot be avoided by this method (2). In 
other words, exposure distribution in any time periods is 
not globally exchangeable within a person. For example, 
there is evidence showing that MI risk follows a circadian 
pattern (12). That is, time periods in the morning are not 
exchangeable to that at night. Here I create a clock variable 
to show how to adjust time-varying confounders with 
conditional logistic regression model. 

> data$clock<-c(rep(1,T/(365*4)),rep(2,T/

(365*4)),rep(3,T/(365*4)),rep(4,T/(365*4)))

One day is divided into four clock time periods. Morning 
(6:00–12:00), afternoon (12:00–18:00), evening (18:00–
24:00) and night (0:00–6:00) are denoted by 1, 2, 3 and 4, 
respectively. 

> mod.adj<- clogit(case~exposure+clock+strata(id),data)

Warning message:

In fitter(X, Y, strats, offset, init, control, weights = weights,  :

  Loglik converged before variable  2 ; beta may be infinite. 
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> summary(mod.adj)

Call:

coxph(formula = Surv(rep(1, 87600L), case) ~ exposure + 

clock + 

    strata(id), data = data, method = "exact")

  n= 87600, number of events= 10 

coef exp(coef) se(coef) z Pr(>|z|)

exposure 9.301e-02 1.097e+00 8.362e-01 0.111 0.911

clock -1.982e+01 2.473e-09 6.389e+03 -0.003 0.998

exp(coef) exp(-coef) lower .95 upper .95

exposure 1.097e+00 9.112e-01 0.2131 5.652

clock 2.473e-09 4.044e+08 0.0000 Inf

Rsquare= 0   (max possible= 0.002 )

Likelihood ratio test= 27.74  on 2 df,   p=9.479e-07

Wald test            = 0.01  on 2 df,   p=0.9938

Score (logrank) test = 18.14  on 2 df,   p=0.0001152

There is a warning message after running the clogit() 
function. That is because we have no data on the clock 
time of the occurrence of MI, and I assigned 1 to the clock 
variable for the first person-time, which is of course not 
true. However, this doesn’t interfere the illustration of how 
to adjust time-varying covariates in the model. Risk variance 
attributable to clock time is expressed by OR.

Summary

Case-crossover design is a variation of case-control design 
that it employs persons’ history periods as controls. Case-
crossover design can be viewed as the hybrid of case-control 
study and crossover design. Characteristic confounding 
that is constant within one person can be well controlled 
with this method. The relative risk and odds ratio, as well 
as their 95% CIs, can be estimated using Cochran-Mantel-
Haenszel method. R codes for the calculation are provided 
in the main text. Readers may adapt these codes to their 
own task. Conditional logistic regression model is another 
way to estimate odds ratio of exposure. Furthermore, it 
allows for incorporation of other time-varying covariates 
that are not constant within subjects. The model fitting per 
se is not technically difficult because there is well developed 

statistical package. However, it is challenging to convert 
original dataset from case report form to that suitable to be 
passed to clogit() function. R code for this task is provided 
and explained in the text. 
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