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COMMENTARY

There exists a comprehensive framework for estimating various causal effects of time-
varying treatments from observational cohort data assuming that all confounders are 

measured.1,2 Of course, this is an untestable assumption, and in many observational stud-
ies at least some important confounders are unobserved. In the trend-in-trend design,3 the 
authors provide a clever method for eliminating bias from a broad category of unmeasured 
confounders (including all time-invariant baseline confounders such as place of birth) as 
long as there is a calendar time trend in treatment prevalence and certain additional assump-
tions hold. Other designs attempt to strike a similar bargain, that is, they also alter the 
standard cohort assumptions to achieve control of unmeasured confounding. The authors 
mention that the trend-in-trend is related to the difference-in-difference method and cal-
endar time as an instrumental variable. There is also a class of “self-controlled” methods 
(including the case-crossover,4 case-time-control,5 and self-controlled case series6) that 
seek to adjust for unobserved baseline confounding by essentially using subjects as their 
own controls. Maclure et al.7 provide a useful overview of the use of self-controlled designs 
in pharmacoepidemiology. Here I survey the assumptions required by the trend-in-trend 
design and the various self-controlled methods. Each method’s specific combination of 
strengths and assumptions defines unique terrain where it is most suitable, even as all meth-
ods make some similar general tradeoffs in pursuit of similar goals.

The trend-in-trend design makes the following assumptions (in no particular order): 
(a) there is a constant instantaneous subject-specific treatment effect, which is the estimand; 
(b) the individual level outcome model at each person-time is a linear logistic regression 
in exposure, calendar time, and the set of measured and unmeasured intrinsic covariates 
that influence the exposure and/or outcome; (c) the outcome model given exposure, cal-
endar time, and stratum is a logistic regression linear in exposure, calendar time, and an 
exposure–stratum interaction; (d) there is a strong population level calendar time trend in 
treatment prevalence; (e) intrinsic covariates and calendar time have a multiplicative effect 
on probability of exposure; (f) the outcome is rare; and (g) there are no calendar time 
trends in confounders within strata. [Note that assumptions (a), (d), and (g) together imply 
that confounders cannot be affected by past exposure.] The length of this list suggests that 
eliminating bias from unmeasured confounding does not come cheaply. Unlike the usual 
cohort assumptions, these assumptions impose homogeneity and transience on the expo-
sure effect, place restrictions on the type of measured confounding that might exist, and 
specify functional forms of outcome models. However, assumptions (c), (d), and (f) can 
be checked, and, in a given context, the other assumptions might easily be more palatable 
than the extremely strong assumption of no unobserved confounding. The question then 
becomes, in a context where unobserved confounding is of primary concern, how do the 
assumptions made by the trend-in-trend design compare to the assumptions of other meth-
ods that seek to eliminate bias from unobserved baseline confounding?
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The case-crossover4 is one such method. It is a case-
only design, meaning it only incorporates data from subjects 
who experience the outcome at some time (the cases). In its 
simplest incarnation, for each person-time at which an out-
come occurs, a preceding “control” time is chosen from the 
same subject. The case–control pairs are then used to compute 
the Mantel–Haenzsel estimator of a common odds ratio. By 
matching person-times on subject, confounding by baseline 
variables (which are of course invariant within subjects) is 
eliminated.

The case-crossover and trend-in-trend designs make a 
lot of similar assumptions. The case-crossover estimator tar-
gets the assumed constant instantaneous subject-specific haz-
ard ratio,8 which, in a rare outcome survival context, is the 
same estimand as in the trend-in-trend design (see assump-
tion (a)). Both methods appear to depend on an assumption 
that exposure at time t has no direct effect on future out-
comes at time t + 1 or later. In the case-crossover literature, 
this assumption is called treatment transience. In the trend-
in-trend design, the assumption appears to be implicit in the 
omission of past treatment history from the person-time level 
outcome model. Measured time-varying confounders can be 
adjusted for in the case-crossover design, but as in the trend-
in-trend, there are restrictions on these confounders. In par-
ticular, time-varying confounders must have transient effects 
on the outcome and either not be affected by past exposure or 
not be affected by any unobserved causes of the outcome.8 The 
case-crossover further assumes that there is no unmeasured 
time-varying confounding, whereas the trend-in-trend design 
allows for unmeasured time-varying confounding as long as 
the distribution of confounders does not vary with calendar 
time within strata.

Unlike the trend-in-trend, the case-crossover estima-
tor does not make any assumptions about functional forms 
of causal or distributional models. However, when the effect 
of exposure is nonzero, an additional necessary assumption 
in the case-crossover design (with no apparent counterpart 
in the trend-in-trend) is that there are no unobserved time-
varying common causes of the outcome at different person-
times within the same subject.8 And where the trend-in-trend 
requires an ecologic time trend in exposure, the case-cross-
over prohibits time trends in exposure within subjects. As 
within subject time trends will usually accompany ecologic 
time trends, the case-crossover can rarely be applied in any 
situation where the trend-in-trend might be applied.

The case-time-control design5 is a modification of the 
case-crossover method intended to accommodate situations 
in which there is a time trend in exposure. In the simplest 
version, subjects are sampled as in a standard case–control 
design. Within each subject, two person-times are sampled—
one from the “current” time period, which is when the outcome 
occurs in the cases, and one from a preceding “reference” 
time period. The estimand remains the constant instantaneous 
subject-specific rate ratio, and it is still assumed that there 

are no unmeasured time-varying confounders. But unlike the 
case-crossover, the case-time-control design makes model-
ing assumptions. Specifically, let i denote group (1 = case, 
0 = control), j denote period (1 = current period, 0 = reference 
period), k denote outcome (1 = event, 0 = no event), l index 
subjects within group, and E

ijkl
 denote the exposure status of 

subject l in group i with outcome k at time j. Then the case-
time-control method assumes that

logit P E sijkl il j k=( )( ) = + + +1 µ π θ ,  (1)

This model is very similar to the subject-specific model under-
lying the trend-in-trend design. μ here maps to β
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a difference in differences approach. An important restriction 
imposed by (1) is that the period effect on exposure is the same 
among cases and controls. If baseline variables that influence 
the probability of a subject becoming a case also influence 
subject-specific exposure trends, then (1) will be misspecified. 
This restriction is similar in substance to assumption (e) of 
the trend-in-trend design, which also excludes the possibil-
ity that the (multiplicative) effect of time on exposure varies 
with covariates that influence the outcome. (A modification 
of the case time control called the “case-case-time-control”9 
uses control-time from future cases to mitigate concerns that 
exposure trend might be different in cases than controls.)

The self-controlled case series6 is another case-only 
design like the case-crossover. It makes the modeling assump-
tion that the data are generated by a nonhomogeneous Poisson 
process with rate

λ α βijk i k j= + +exp( ),Φ  (2)

where i indexes subjects, j indexes exposures within subjects, 
and k indexes time period from subject baseline. Φ

i
 is a sub-

ject level random effect capturing the multiplicative effects of 
all baseline covariates, α

k
 is the time period effect, and β

j
 are 

the exposure effects of interest. Model (2) has similar paral-
lels to the individual level trend-in-trend outcome model as 
those enumerated for model (1). Under model (2), the effect 
of the jth exposure period is constant and instantaneous across 
subjects and time, but because the effect can depend on j the 
exposure effects are not quite transient in the same sense as the 
other methods considered here. The self-controlled case series 
estimates α

k
 and β

j
 by maximizing the likelihood conditional 

on total number of events and exposure history in each subject 
under the assumption that exposures and observation periods 
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are independent of past outcomes. Under this “no outcome-
dependent exposure” assumption, only subjects with at least 
one event contribute to the conditional likelihood, making the 
self-controlled case series estimator a case-only estimator. 
And Φ

i
 drops out of the conditional likelihood contribution of 

subject i, which eliminates unmeasured baseline confounding. 
When considering serious outcomes (e.g., myocardial infarc-
tions as in an application of the trend-in-trend design presented 
in [3]), exposures are very likely to be influenced by past occur-
rences of the outcome. Farrington et al.10 present a modified 
self-controlled case series estimator that retains the properties 
of the original under event-dependent exposures as long as 
exposure periods are short. In cases where a drug is taken for 
a long time, the short exposure period assumption would fail. 
Also, while observed time-varying confounders can be added 
to model (2) to adjust for measured time-varying confounding, 
unobserved time-varying confounders would lead to bias.

To summarize this accounting of assumptions, the trend-
in-trend works under largely different circumstances than the 
self-controlled case series (which fails if there are long expo-
sure periods and major outcomes) or case-crossover (which 
fails when there are time trends in exposure), but similar cir-
cumstances to the case time control. The case time control 
imposes fewer modeling assumptions. However, like the other 
self-controlled methods, case time control only adjusts for 
unmeasured baseline confounding. Perhaps the most impor-
tant advantage of the trend-in-trend design is that it can adjust 
for unobserved time-varying confounders (as long as they do 
not have calendar time trends within strata).

Zooming out, another take-away is the generally similar 
flavor of the assumptions made by these designs. In particu-
lar, it is interesting that all of them target a constant, transient 
(or “semitransient” in the case of self-controlled case series), 
instantaneous, and subject-specific effect. In the trend-in-
trend, case time control, and self-controlled case series, this is 
a natural consequence of defining the effect as the coefficient 
of instantaneous exposure in a linear model containing time 

and essentially all baseline variables as covariates. The case-
crossover does not specify any model, however, and yet still 
estimates this quantity. It might be useful to identify the pre-
cise source of this estimand’s magnetic pull in methods that 
allow for unobserved confounding, because the estimand is 
often not of primary public health interest.11
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