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Abstract 

Many methods have been proposed to solve the age-period-cohort (APC) linear identification 

problem, but most are not theoretically informed and may lead to biased estimators of APC 

effects. One exception is the mechanism-based approach recently proposed and based on Pearl’s 

front door criterion; it ensures consistent APC effect estimators in the presence of a complete set 

of intermediate variables between one of age, period, cohort and the outcome of interest, as long 

as the assumed parametric models for all the relevant causal pathways are correct. Through a 

simulation study mimicking APC data on cardiovascular mortality, we assess the performance of 

the mechanism-based approach under realistic conditions, namely when 1) the set of available 

intermediate variables is incomplete; 2) intermediate variables are affected by two or more of the 

APC variables, but this feature is not acknowledged in the analysis 3) unaccounted confounding 

is present between intermediate variables and the outcome. Furthermore, we show how the 

mechanism-based approach can be extended beyond the originally proposed linear and probit 

regression models to incorporate all generalized linear models, as well as non-linearities in the 

predictors using Monte Carlo simulation. We find that the mechanism-based approach (extended 

or not) is only slightly affected by bias when the departures from the assumptions are small.  

 

  



Introduction 

Demographers, epidemiologists, sociologists and others have attempted to break down outcomes 

of interest into constituent effects caused by, or associated with, age, calendar time, and time of 

birth. This is also known as age-period-cohort (APC) analysis. Age effects refer to changes in the 

outcome as the age of individuals in the study population progresses. For example, as individuals 

age, cardiovascular function declines and hence older individuals tend to have worse 

cardiovascular health than younger individuals. Period effects refer to changes that occur in an 

outcome as calendar time progresses. They can represent sudden changes or temporary changes 

in an outcome, such as spikes in death rates due to war or famine, but may also represent gradual 

changes such as those produced by the accumulation of minor improvements in public health 

infrastructure over time influencing mortality rates in all age-groups. Finally, birth cohort effects 

represent differences between generations that aren‟t attributable to differences in age or calendar 

time. Conceptually, they commonly represent the effects of shared formative experiences of 

individuals in a birth cohort, either in utero or during other critical phases in the life course (Ben-

Shlomo and Kuh 2002). The effect of these formative years would then remain largely constant 

in that cohort throughout the remaining life course, and are therefore independent of age and 

calendar time. For example, the cohort that was in utero during the Dutch Hunger Winter in 

1944-1945 had worse health even later in life (Ekamper et al. 2015), compared to other cohorts. 

Furthermore, birth cohort has been found to be strongly tied to smoking behaviour in various 

Western countries (Preston et al. 2006; Verlato et al. 2003). 

 Unfortunately, decomposing an outcome (Y) into the separate effects of age (A), period 

(P) and cohort (C) using for example a linear regression model (e.g. E(Y|A,P,C) = η + α · A + β · 

P + θ · C) imposes an identification problem. Since A = P - C there is linear dependency between 

the three variables, and consequently any linear model involving these three variables cannot 



have a unique solution. To circumvent this, various techniques have been introduced that 

constrain the model specification (e.g. Clayton & Schifflers 1987; Held and Riebler 2012; 

Holford 2006; Yang et al. 2008), so that a solution can be found. However, the technical 

constraints that have been proposed are arbitrary and do not lead to meaningful measures of 

effect (Bell and Jones 2014; Luo 2013). Estimation of the parameters may be unbiased, but only 

under the constraints that have been imposed, and hence do not reflect the true effects of age, 

period and cohort that we seek (Luo 2013). Luo and Fienberg both argue in favour of a „paradigm 

shift‟ in a recent discussion in Demography (Fienberg 2013; Kuhn 1996; Luo 2013); APC 

analysis, they argue, needs to become more theoretically informed. Simply fitting a regression 

model to an outcome given age, period and cohort, without any forethought or theoretical 

reasoning, cannot result in meaningful effect estimates for these variables. 

Few authors explicate what they mean by „true‟ or „meaningful‟ effect estimates. Since in 

the real world the relationship A = P - C always applies, then a regression model with age, period 

and cohort as covariates truly has infinitely many solutions. However, since those who write 

about this problem talk about there being one special solution out of those infinitely many 

solutions which is „correct‟/„true‟/„valid‟/„meaningful‟, it must be that they are (albeit implicitly) 

thinking of a hypothetical world, different from the actual world, in which age, period and cohort 

can be manipulated such that the identity A = P - C is broken. Let Y(a,p,c) be the potential 

outcome which would occur if A were set to a, P to p and C to c, without necessarily abiding by 

the relationship a = p - c (Rubin 1974). Then the causal model 

E(Y(a,p,c)) = η*+ α*·a+ β*·p+ θ*·c   (1) 

has one solution, and this is presumably the „true‟ solution to which the various authors on this 

topic refer. 



 In fact, imagining a hypothetical world in which time can be manipulated is difficult 

enough; contemplating one in which three different „aspects‟ of time, namely age, period and 

cohort, can be independently manipulated requires an even wilder imagination, and is therefore 

unlikely to be truly of interest. More realistically, we can view Eq. 1. as being a shorthand for 

E(Y(ca,cp,cc))= η‟+ α‟·ca+ β‟·cp+ θ‟·cc (2) 

where ca, cp and cc are the set of all immediate consequences of age, period and cohort, 

respectively. So if being born in a particular cohort meant that you would be born during a 

famine, it is this famine that we imagine we could manipulate (and, say, prevent), rather than the 

cohort of birth itself. But since we may not have all these consequences at our disposal, model (2) 

is replaced (as a shorthand) by model (1). 

Given this reframing of the model of interest as a causal model, it makes sense to consider 

methods from causal inference (Pearl 2000) to analyse data from APC studies. This was done by 

Winship & Harding (Winship and Harding 2008) in 2008, and was called the mechanism-based 

approach. In particular, their approach uses Pearl’s front door criterion to identify the APC 

causal parameters α*, β*, and θ* (Pearl 2000). In short, the mechanism-based approach uses 

intermediate variables on the path between one of the three APC variables and the outcome in 

order to estimate the effect of one of these three variables on the outcome indirectly, and to 

estimate the effect of the remaining two APC variables directly (with the method generalizable to 

modelling intermediate variables for two of the three APC variables). The approach naturally 

leads to drawing a directed acyclic graph (Glymour 2006; VanderWeele et al. 2008) depicting the 

assumed relationships between A, P, C, the intermediate variables being considered, and the 

outcome. It thus motivates researchers to be explicit about their substantive assumptions. 

The method requires that a complete set of intermediate variables can be found for at least 

one of the three APC variables. By a „complete set of intermediate variables‟ for A, for example, 



we mean a set of variables M1, M2, …, MK that are affected by age and which themselves affect 

the outcome Y in such a way that all of the effect of A on Y is via this set of intermediate 

variables.  

However, in a realistic setting, finding a complete set of intermediate variables even for 

just one of the three APC variables is unlikely. Also, the partial set of intermediate variables that 

may be available could be dependent on more than one APC variable. Furthermore there may be 

variables that affect both the intermediate variable(s) and the outcome. All these settings (if they 

cannot somehow be accounted for) threaten the mechanism-based approach with bias, and one of 

the aims of this paper is to investigate the magnitude of this bias in realistic scenarios.  

Another challenge also arises; the mechanism-based approach has been developed for use 

in linear and probit regression models for Y, and linear and probit models for the intermediate 

variables M1, M2, …, MK. While some analytical solutions (e.g. Winship and Mare 1983) could 

be adopted to extend this approach to deal with logistic regression models for outcome and/or 

mediators, they are complex to implement. Moreover, only approximate methods are available to 

deal with settings where the variables included in the outcome model interact or have some other 

non-linear effects, even when Y, M1, M2, …, MK are all continuous and modelled using linear 

models (Preacher and Hayes 2008; VanderWeele 2015;  VanderWeele and Jiang 2015).  

In this paper, we assess the performance of the mechanism-based APC models under 

realistic settings, namely when 1) only a partial set of mediators is available; 2) some of the 

intermediate variables are affected by two or more of the APC variables, but this feature is not 

acknowledged in the analysis; 3) unmeasured confounding affects the intermediate variables and 

the outcome. Furthermore, we extend the mechanism-based approach to settings with any fully-

parametric model for the outcome and intermediate variables by approximating the estimation of 



the APC parameters by Monte Carlo simulation. R-code demonstrating the mechanism-based 

approach, and its extension, is available as supplementary material. 

 

 

  



Methods 

The mechanism-based approach 

The mechanism-based approach is based on exploiting the fact that age, period and cohort affect 

the outcome through intermediate variables (hereafter called „mediators‟) (Winship and Harding 

2008). The key idea is that while age, period and cohort are deterministically related, the 

intermediate variables along the paths from these to the outcome will be affected by other (APC-

independent) causes, and hence can be used (if measured) to circumvent the identification 

problem. We now discuss this in more detail. 

Consider for simplicity the setting depicted in Figure 1, which shows a causal directed 

acyclic graph (DAG). Causal DAGs are formal graphical representations of the assumed causal 

relationships between the variables under study (Glymour 2006). Here the number of mediators 

K is equal to 2, and the mediators M1 and M2 being considered lie on causal pathways from P to 

Y.  Note that there is no arrow from P to Y in the DAG, representing the assumption that all of 

the effect of P on Y is via M1 and M2. Also note that there is no arrow from either of A or C to 

the mediators, nor shared common causes of the mediators and any other variables in the DAG. 

Finally, the two paths from P to Y are „separate‟, in the sense that M1 does not affect M2 nor vice 

versa, and neither does any variable along either path affect a variable on the other path, nor share 

any common causes: M1 and M2 are assumed to be conditionally independent given P. These 

strong structural assumptions concerning the roles of M1 and M2 (some of which can be relaxed – 

more on this later) allow the identification of the APC effects in a two-stage procedure as we now 

describe. In the first step, a model for the outcome Y on A, C, M1 and M2 is fitted. In the second 

step, separate models for each mediator on P are fitted. If Figure 1 is correct and the outcome and 

the mediators are continuous variables and modelled using linear regression, or the outcome and 

mediators are binary and modelled using probit models, and none of these models in truth 



includes product terms or other non-linearities, then the effect of A and C on Y (α* and θ*) are 

equal to their regression coefficients in the outcome (first-step) model, while the effect of P on Y 

(β*) is equal to the sum of the effects along the two pathways involving M1 and M2. The effect 

along a pathway is equal to the product of two regression coefficients; for the P – M1 – Y 

pathway, it is the product of the coefficient for P in the (second-step) regression of M1 on P and 

the coefficient for M1 in the (first-step) regression of Y (that also includes M2, A and C as 

covariates). Similar calculations apply to the P – M2 – Y pathway, and the effects along the two 

pathways are then summed to obtain the effect of P on Y. These calculations are an application of 

the path tracing rules that are widely used in structural equation modelling (Mulaik 2009; Wright 

1934), with standard errors for the estimated effect of P estimated using the delta method (in 

simple settings) or more generally the bootstrap (MacKinnon 2008). 

For example, consider the situation where we seek to estimate the effects of A, P and C on 

body weight in women (Y). Assume the two mediators, daily caloric intake (M1) and daily 

calories burned (M2), completely mediate the effect of P on Y, and (somewhat questionably 

perhaps) that these mediators are not affected by either A or C. In the first step we estimate the 

effect of age, the two period mediators, and cohort on body weight using a linear regression 

model, 

E(                                              (3) 

The age effect on Y is then represented by   , and the cohort effect by   .  

Correct specification of (3) is sufficient for unbiased estimation of these parameters by ordinary 

least squares (OLS). For unbiased estimation of the precision of these parameters using the 

conventional variance estimator routinely used alongside OLS, we assume that the errors εi = Yi - 



E(Y | Ai, M1i, M2i, Ci), i=1, …, n,  are independent and homoskedastic. These additional 

conditions could be relaxed if instead we used a sandwich estimator of variance.  

In the second step we estimate the effect of period separately on these two mediators, here again 

using linear regression, 

E(M1| P) =         

E(M2| P) =         

Again, unbiased estimation of these parameters by OLS follows from the correct specification of 

the forms of the conditional expectations given above, but the conventional variance estimators 

additionally rely on independent homoskedastic errors for unbiased estimation, violations of 

which can be accommodated using sandwich estimators. Using the path tracing rule, the effect of 

P on Y through M1 is equal to        and the effect of P on Y through M2 is equal to         

Hence the total effect of P on body weight is equal to        +         

  

Complications 

In a real life setting, a number of situations may occur that make the mechanism-based estimation 

of the APC effects less straightforward. Firstly, if a complete set of mediators is not available for 

the selected APC variable(s), then the effect estimators of the three APC variables described 

above will be biased for α*, β* and θ* because the required assumption that (at least) one of the 

three APC variables is fully mediated by a set of measured mediators would not be met. 

Secondly, a variable that we believe to be a mediator for one of the three APC variables may 

actually be a mediator for more than one (for example, daily caloric intake is probably affected 

by age as well as period). In this case, the regression coefficient for the APC variable that we did 

not believe to be mediated by any of the mediators for P, M1, M2, …MK, will only capture the 



component of its effect that is not mediated. Finally, the relationship between mediators and 

outcome may be confounded, i.e. there may be a variable (either measured or unmeasured) that 

has a causal effect on both the mediator(s) and the outcome. If this confounding is not controlled 

for in the outcome model, the effect of the mediator on the outcome will be estimated with bias, 

and consequently also the effect of the APC variable that is assumed to be mediated by it. 

 Another challenge arises when the outcome and/or the mediators are not of a type that can 

be modelled by linear or probit regression, or even if they can, the models include product terms 

or other non-linearities. In these situations, the path tracing rule needed to derive the causal effect 

of the mediated APC variable cannot be used (VanderWeele and Jiang 2015).  

 

Our methodology: simulations 

We assess the performance of the mechanism-based approach through simulations. Simulations 

are commonly employed to investigate the performance of APC estimators (e.g. Luo 2013; Bell 

and Jones 2014). Following these other studies of APC estimators, we also express our findings 

graphically. 

 

Simulation: approach 

In our simulations, we attempt to recreate a realistic setting in which APC analyses are 

performed, namely the study of cardiovascular mortality. We believe this makes our simulations 

also easier to understand from an intuitive perspective. However, in order to clearly isolate the 

sources of bias in the APC effect estimates, we simplify this real world setting into three 

scenarios. 

 In each scenario, the study population and outcome are the same. The study population is 

generated to be aged between the ages of 40 to 95 years during the calendar years 1990 to 2015, 



and hence consists of birth cohorts (calculated as period – age) ranging from 1896 to 1975. Age 

and period are generated according to uniform distributions but then categorised using 5-year 

groups (for A and P) and 10-year groups (for C). The outcome is mortality due to cardiovascular 

disease (CVD), coded as 1 (death due to CVD) or 0 (alive or dead from other causes). It was 

generated in all scenarios according to either a probit or logistic model, with the probability of 

CVD death generated as a function of age, cohort and the period mediators. Age accounts for 

70% of the effect of the APC variables on cardiovascular mortality, period (via its mediators) 

accounts for 20%, and birth cohort for 10%. We believe these percentages approximately 

correspond to realistic effects of age, period and cohort in in the period 1990 to 2015 in Western 

countries; the difference in incidence of CVD death between individuals aged 40 and those aged 

95 is very large, whereas the difference in incidence of CVD death in these age groups between 

the year 1990 and 2015 is much smaller (Peeters et al. 2011). Due to the linear dependency 

phenomenon, it is unknown what part of these differences is in truth attributable to birth cohort. 

 

Simulation: mediators and confounders 

We simulate settings where P is the variable which has measured mediating variables. Results 

however easily generalise to the alternative scenarios where A or C play this role (with due 

numerical differences given their unequal assumed strength of effects). Four mediators on the 

path from P to Y are included in the simulation study. They are body mass index (BMI), 

smoking, statin therapy, and „unmeasured‟. We choose the former three variables because they 

are commonly described variables that are believed to affect CVD mortality, but many other 

variables are also believed to affect CVD mortality (e.g. Blackmore et al. 2015; Capewell et al. 

2000), which are represented by the „unmeasured‟ variable. Together, these four variables 

account for the entire period effect on the outcome. The „unmeasured‟ and BMI variables are 



continuous, whereas smoking and statin therapy are binary. We set each of the „measured‟ 

mediators to account for ~20% of the period effect on the cardiovascular mortality, while we set 

the „unmeasured‟ mediator to account for ~40%. Table 1 shows the direction of the effects of 

period on the mediators, and of each mediator on the outcome; the effect of period on the 

„unmeasured‟ mediators is linear, while its effect on the measured mediators is non-linear but 

monotonically increasing or decreasing. Initially, these variables are made to act as mediators 

only on the path between P and CVD mortality, but in some scenarios they are also affected by A 

or C, in which case the total effects of these latter variables changes. In the scenario that includes 

confounding (see below), the confounder is the presence or absence of a particular gene, 

randomly assigned to be present in 50% of individuals and set to have a positive effect on both 

the mediators and the outcome (Sabol et al. 1998; Smith et al. 2015). 

 

Simulation: scenarios and variants 

In all simulations, we generate data for 100,000 individuals, each measured once. We simulate 

three scenarios, with each scenario simulated 1000 times. In the data generating process for the 

first scenario („simple‟), A and C have a direct effect on Y while only the effect of P is mediated. 

In the second scenario („more causes‟), there is an additional (negative) effect of A on the 

mediator BMI, which amounts to roughly 31% of the total age effect, and an additional (positive) 

effect of C on smoking, which amounts to roughly 30% of the total cohort effect. Finally, in the 

third scenario („confounding‟), genotype confounds the relationship between BMI and Y and 

between smoking and Y (Figure 2); genotype has a positive effect on both BMI and smoking, and 

a positive effect on CVD mortality. Genotype accounts for roughly 33% of the association 

between age and CVD death and 35% of association between cohort and CVD death.  



Each scenario has two variants. In the first variant, we generate Y and the binary 

mediators using probit models, while in the second variant logistic models are used instead. In 

both variants, linear models are used to generate continuous variables. Since probit and logistic 

models transform parameters into probabilities in a different way, the probabilities of 

cardiovascular mortality somewhat differ between the two variants. We varied the value for the 

intercept in each variant so that the age-specific probabilities of cardiovascular mortality were 

similar to those found in high income countries. However, due to these differences in 

transformation, the extent of the bias found with the variants is not directly comparable. 

 

Simulation: estimation 

Estimation of the APC effects according to the mechanism-based approach consists of fitting 

separate regression models for CVD death as function of A, C and the P-mediators and of each of 

the mediators as functions of P. In all estimation models A, P and C are treated as categorical 

variables through dummy coding (10 dummies for age, 4 dummies for period and  14 dummies 

for cohort because cohort categories were forced to overlap in order to maintain the linear 

identity, C = P – A). 

Following how we generated the variables in each variant, in the probit variant we use 

probit models for CVD death and logistic models for the logistic variant. The effects of P (and A 

and C when appropriate) on continuous mediators are estimated using linear regression and for 

binary mediators using logistic or probit models. In all three scenarios, we first perform our 

estimation under entirely correct assumptions; i.e. in the second scenario we also model the 

additional paths from A and C to their mediators (as described in the supplementary material), 

and in the third scenario we also control for the confounder. Moreover in all scenarios the 

parametric forms used to fit these models is the same as that used to generate the data. Then, to 



investigate the effect of incorrect assumptions, in the second scenario we omit to model the path 

from A and C to the mediators, and in the third scenario we do not control for confounding. 

Additionally, to explore the effect of including an incomplete set of mediators, in all three 

scenarios we first remove the „unmeasured‟ mediators from the estimation model, then „BMI‟, 

followed by „smoking‟, and finally we remove all period mediators (i.e. fit an age-cohort model). 

For completeness we also report the results of adopting the Clayton & Schifflers (C&S) 

approach (Clayton and Schifflers 1987) to scenario 1 „simple‟ with the probit variant, where 

either the parameters for the 1931-1939 and the 1936-1944 birth cohorts are set to be equal, or 

those for the 1990-1995 and the 1995-2000 periods. 

Results obtained from each scenario, variant and model specification are summarised as 

means of each parameter‟s estimates over the 1000 simulations, which we compare to the 

estimated values obtained from the correctly specified models to estimate the bias. 

 

Linear dependency and expected bias 

As stated above, while age, period and cohort could be pairwise independent, the three variables 

together have a deterministic relationship: A = P – C. This linear dependency will determine the 

(direction of the) bias when the mechanism-based approach is used and not all the mediators are 

included in the estimation model. We demonstrate this here.  

In a linear setting, the causal model described in Eq. 1. could be expressed as  

Y(a,p,c) = 𝜂 *+ α* · a + β* · p + θ* · c + ε* 

Where α*, β* and θ* represent the effects of age, period and cohort, 𝜂* the intercept and ε* the 

mean-zero error terms. This model corresponds to an (unidentified) associational model: 

Y = η + α · A + β · P + θ · C + ε (4) 



Since P = A + C, we can rewrite Eq. 4. as 

Y = η + α · A + β · (A + C) + θ · C + ε  Y = η + (α + β) · A + (θ + β) · C + ε     (5) 

Eq. 5. shows that if we fit an age-cohort model (omitting period) and interpret the coefficients of 

A and C as representing the age and cohort effect respectively, the period effect is attributed to 

age and cohort in equal parts, thereby biasing the presumed age and cohort effects in the direction 

of the period effect. In the same way, since A = P - C, and C = P - A, we have  

Y = η + (β + α) · P + (θ - α) · C + ε      (6) 

Y = η + (α – θ) · A + (β + θ) · P + ε      (7) 

when fitting period-cohort and age-period models, respectively. As Eq. 6. and Eq. 7. show, in the 

period-cohort model, the period parameter is biased in the direction of the age effect, while the 

cohort parameter is biased in the opposite direction. Similarly, in the age-period model, the 

period parameter is biased in the direction of the cohort effect, while the age parameter is biased 

in the opposite direction. Of course, in all three of these models, the effect of the omitted variable 

would also be biased (unless its effect is null), as its effect estimate is effectively set to 0.  

 The same logic applies in the situation where we use mediators to estimate the effects of 

age, period or cohort, while estimating the other two effects directly. Consider the earlier 

described example where we used two mediators on the period path, while the effects of age and 

cohort are estimated directly (Figure 1). However, this time, we omit the variable „daily calories 

burned‟ (M2) from our estimation model, perhaps because it was not measured (Figure 3, left). 

When fitting a model for the outcome (Y) using A, C and the measured period mediator (M1) as 

explanatory variables, there will be an association between A and the period mediators and 

between C and the period mediators due to the aforementioned linear dependency (Figure 3, 



right). Since the model for Y includes M1 (i.e. we condition on M1) the paths from A or C to Y 

via M1 are blocked. However, since we do not condition on the unmeasured mediator (M2), the 

pathways from A and C to Y via M2 are not blocked, and hence their regression parameters will 

be biased by the contribution of the additional paths from respectively A and C via M2 (i.e. 

       for both). 

 

Extending the mechanism-based approach through Monte Carlo integration 

When only linear regression or probit regression models are used in estimating the effects of age, 

period and cohort, and none of the models includes product terms or other non-linearities, then, 

as explained previously, parameter estimates along paths can be multiplied to estimate the effect 

over the entire path (Mulaik 2009; Wright 1934). However, when a model with a general non-

linear link function is used for a mediator or for the outcome (or both), e.g. Poisson, logistic, or 

multinomial regression, then a different approach is required. The approach uses Monte Carlo 

integration (Robert and Casella 2004) and is described below. We use a linear representation for 

ease of reading, but in our simulations we model age, period and cohort as categorical variables. 

Furthermore, we describe here only the case where there is one mediator for period, and where 

the mediator has only one cause. See the supplementary material for a description of a more 

general setting. 

We proceed as follows: 

Step 1) Mediator estimation: fit a model for the mediator. If it is continuous, we can use 

linear regression, e.g. 

                



Where we assume           
 ) Note that the assumption on the distribution of the error terms in 

the linear regression model is non-trivial if there are non-linearities involving M in the model for 

Y. If instead a mediator is binomial, we can use logistic regression, e.g. 

                       

Let   ̂   ̂   be the estimates of         from the appropriate model. If the mediator is continuous, 

also save the estimate of the error variance  ̂ 
 . These estimates will be used in step 3. 

Step 2) Outcome estimation: fit a model for the outcome. If the outcome is continuous, fit 

a model using linear regression, e.g. 

                                   

where           
 ). Whereas if the outcome is binary, use logistic regression, e.g. 

                                         

Let   ̂   ̂   ̂   ̂   be the estimates of               from this model. If the outcome is 

continuous, also save the estimate of the error variance  ̂ 
 . These estimates will be used in step 3. 

Step 3) Mediator simulation: for each of a range of period values  ̃, simulate the mediator 

 ̃( ̃). The values  ̃ could be randomly generated for example using a discrete uniform 

distribution, but its range should be equal to the range empirically observed in the data that were 

used for estimation. For example, if we have data ranging from 1990 to 2015, then that would be 

the range of values for  ̃ that we use. If instead we categorised this into 5-year periods (1990-

1994, 1995-1999, etc.), then we generate values of  ̃ corresponding to these categories. If a 

mediator is continuous, use the estimates of the linear regression model in step 1 to simulate 

 ̃  ̃   ̂   ̂   ̃   ̂ 



Where  ̂ is randomly drawn from a      ̂ 
 ). If instead the mediator is binary, use the estimates 

from the logistic regression model in step 1 to simulate  ̃( ̃  from a Bernoulli distribution with 

mean 

 ̂    
      ̂   ̂   ̃  

        ̂   ̂   ̃  
 

The number of  ̃( ̃   values to be simulated need not be equal to the number of observations in 

the data, as long as the entire empirical range is covered, but the more values we simulate, the 

less our final estimates will be affected by Monte Carlo error. The values of  ̃( ̃  will be used in 

step 4. 

Step 4) Outcome simulation: for each of a range of age, period and cohort values ( ̃,  ̃,  ̃), 

simulate the potential outcome  ̃  ̃,  ̃,  ̃ . Since  ̃ is already generated in step 3, they can be re-

used instead of re-generated. As previously, the range of these values should be equal to the 

range empirically observed in age, period and cohort in the data respectively. However, we 

choose  ̃,  ̃ and  ̃ independently, i.e. the identity  ̃ =  ̃ –  ̃ should not hold. This is in line with 

the counterfactual reasoning inherent to causal inference; estimating the separate effects of age, 

period and cohort is akin to asking „what would have been the outcome for an individual aged a 

in period p, but born in a cohort that is not equal to p – a?‟. In turn, this asks what values the 

mediators that we associate with period (or age, or period) would have had if a person‟s birth 

cohort (or age, or period) had been different. If the outcome is continuous, then using the linear 

regression estimates of step 2, and the simulated mediator values of step 3, simulate 

 ̃  ̃  ̃  ̃   ̂   ̂   ̃   ̂   ̃   ̂   ̃  ̃    ̂  

Where  ̂ is randomly drawn from a      ̂ 
 ). If instead the mediator is binary, use the estimates 

from the logistic regression model in step 2, and the simulated mediator values of step 3, to 

simulate  ̃  ̃  ̃  ̃  from a Bernoulli distribution with mean 



 ̂ ̃  ̃  ̃   
      ̂   ̂   ̃   ̂   ̃  ̃   ̂   ̃  

        ̂   ̂   ̃   ̂   ̃  ̃   ̂   ̃  
 

Step 5) Estimate age, period and cohort effects using the simulated values  ̃  ̃  ̃  ̃ . If 

 ̃   ̃  ̃  ̃  was generated as a continuous variable, use linear regression with  ̃,  ̃ and  ̃ as 

covariates. If instead  ̃   ̃  ̃  ̃ was generated as a binary variable, use logistic regression with  ̃, 

 ̃ and  ̃ as covariates. These models will be identifiable because  ̃,  ̃ and  ̃ should have been 

chosen independently. The estimated parameters can be interpreted as the age, period and cohort 

effects from the causal model. 

 Step 6) Use the non-parametric bootstrap to estimate the standard errors for the parameter 

estimates (Efron and Tibshirani 1993). This step consists of re-sampling from the original data, 

and then repeating steps 1 through 5, and saving the parameter estimates of the effects of  ̃,  ̃ and 

 ̃ at the end of step 5. The standard deviations of the distributions of the  ̃,  ̃ and  ̃ effect 

estimates can be used as estimates of the standard errors, or for example the 2.5% and 97.5% 

quantiles of these distributions can be used to derive 95% confidence intervals directly (with 

improvements such as „bias-corrected and accelerated‟ intervals to be recommended).  



Results 

Scenario 1: ‘Simple’ 

Removing mediators from the estimation of the period path introduces bias (Figure 4 for probit 

variant, see supplementary material eFigures 4 to 6 for logistic variant). Initially, the magnitude 

of the bias is relatively weak, but becomes stronger as more mediators are removed. The relative 

magnitude appears strongest for birth cohort, which had weak parameter estimates when the 

model was correctly specified, but these estimates become strongly negative when mediators are 

removed from the estimation model. The directions of the bias are as expected (see paragraph 

„linear dependency‟ in the methods section). On average, removing the „unmeasured‟ period 

mediators has a negative effect on the estimated age and cohort effects, while it introduces a 

positive bias on the period estimates; the estimated parameters for the age and cohort effects 

become less positive, while those for the period effect become less negative. The same occurs 

when smoking and statins are additionally removed. This is as expected, because the paths via the 

„unmeasured‟ period mediators, smoking, and statins all have a negative effect on the outcome 

(Table 1). Removing BMI leads to the opposite, i.e. it introduces a positive bias on the estimated 

effects of age and cohort, and a negative one on that of period. Again, this is as expected because 

the path from P to Y through BMI is positive (Table 1). Finally, removing all mediators (i.e. 

fitting an AC model) results in the largest amount of bias (Figure 4). 

 

Clayton & Schifflers models 

Fitting the Clayton & Schifflers model with constraints on the birth cohort parameters leads to 

good average estimates of the age effect, very poor average estimates of the period effect and 

quite good estimates of the average cohort effect (Figure 5). On the other hand, the model with 

constraints on the period parameters has strongly biased estimates of all three effects (Figure 5). 



 

Scenario 2: ‘More causes’ 

In the scenario where age, in addition to period, is a cause of BMI, and cohort, in addition to 

period, is a cause of smoking, we find that not including these relationships in the estimation 

model also results in bias. As expected, this bias is largest for age, where the age effect is 

overestimated when the negative effect of age on BMI is not included in the estimation model 

(Figure 6). A similar, but much weaker bias is found for cohort when the effect of C on smoking 

is not included (Figure 6 for the probit variant; supplementary material eFigure 13 to 15 for the 

logit variant). There is no bias in the estimation of the period effect (Figure 6).  

 These results follow our expectation. The effect of age on the outcome via BMI is 

negative. By not including age as a cause of BMI in the estimation model, this negative effect is 

subtracted from the total age effect, thereby resulting in an overestimation of the age effect. The 

effect of not modelling birth cohort as a cause of smoking follows the same logic, but the bias is 

weaker because the effect size from birth cohort to the outcome via smoking is also smaller. In 

this scenario, the period effect estimates are not biased because period is correctly modelled as a 

cause of the four mediators. Removing mediators from the estimation model results in biases in 

the same direction as found in the „simple‟ scenario (see supplementary material eFigures 10 

to15), and the same explanations for these directions apply. 

 

Scenario 3: ‘Confounding’ 

In the scenario where there is a variable (genotype) confounding the relationships between BMI 

and CVD death, and between smoking and CVD death (both mediators on the P-Y path), we find 

that failing to control for this confounder results in bias in all three age, period and cohort effect 

estimates. The age parameter estimates become somewhat negatively biased when we do not 



control for genotype in our outcome model (Figure 7 for the probit variant; supplementary 

material Figure 19 to 21 for the logit variant). The same occurs in the cohort effect, while the 

period effect suffers from a small positive bias (Figure 7).  

The bias observed here is caused by collider stratification (Cole et al. 2010; Elwer and 

Winship 2014). Collider stratification bias occurs when two variables both have causal effects on 

a third variable (the „collider‟), and the collider is conditioned upon. Doing so creates an artificial 

association between the two causes of the collider which is of sign opposite to the product of the 

signs of the effects into the collider. In the scenario considered here, genotype has a positive 

causal effect on BMI, on smoking, and on CVD mortality. Therefore, BMI and smoking are 

colliders in the paths between P and genotype. By including BMI and smoking (together with the 

other two mediators) in our outcome model, we create an additional spurious association between 

A and Y via A – P – BMI – genotype – Y, and one between C and Y via the path C – P – 

smoking – genotype – Y. Both of these spurious associations are negative because those induced 

by collider stratification, P-BMI-genotype and P-smoking-genotype, are both negative while A – 

P, C – P and genotype – CVD are all positive.  

 

 

  



Discussion 

We assessed the performance of mechanism-based APC models in realistic settings. We found 

that, in simple scenarios where there is a single set of mediators for P which is not affected by 

unmeasured confounding, the mechanism-based approach performed reasonably well for the 

estimation of all three age, period and cohort effects, especially if the mediators that were not 

included in the estimation had opposite signs (e.g. „unmeasured‟ and „BMI‟) so that their 

unmeasured contributions (partially) cancelled out. The bias we observed was in line with our 

expectations derived from the APC linear dependency. In the scenarios with additional 

complications, i.e. either when mediators were caused by more than one of three APC 

components, or there was unmeasured confounding of the mediator-outcome relationships, we 

found additional bias. This, again, was in line with our expectations. Findings were similar for the 

probit and logistic variants, though we did not directly compare these methods due to their 

differences in transforming effects into probabilities. Overall, the mechanism-based approach 

also performs similarly or better than the Clayton & Schifflers approach where two adjacent birth 

cohorts were constrained to have an equal effect, and performed better than the Clayton & 

Schifflers approach where two adjacent periods were constrained. However, the magnitude of the 

bias depends on the magnitude of mediators and APC effects, and is therefore setting dependent. 

 

Simulating bias 

In our simulations, we considered 4 mediators on the period path, and kept the „more causes‟ 

scenario separate from the „confounding‟ scenario. In a real application of the method, many 

more mediators may exist, which may also have more than one cause, and their relation with the 

outcome may be confounded. However, a more complicated scenario need not necessarily result 

in more biased estimates than in the scenarios we simulate; if there are many sources of bias, 



some may cancel each other out. We also demonstrated this in our simulation: estimates of age, 

period and cohort performed better when, after removing the „unmeasured‟ mediators, BMI was 

also removed from the estimation model. In terms of bias, one of the most severe situations 

occurs when only two of the three APC variables (and no mediators) are used to model an 

outcome. This situation was included in our simulations in the form of an age-cohort model, 

though a period-cohort model would be even more biased because the age effect was much larger 

in size than the period and cohort effects. 

 

Comparison with Clayton & Schifflers approach 

We used the Clayton & Schifflers (C&S) approach as a comparison for the mechanism-based 

approach. We used two common types of constraints in our application of the C&S model; one 

model with constraints for birth cohort and one with constraints for period. Substantively, it is 

believed that age has the strongest effect on most outcomes, including cardiovascular outcomes, 

and hence should not be constrained (Hobcraft et al. 1982). In our simulations, constraining two 

birth cohorts to have equal effects led to better estimates than constraining period categories 

because in our simulations the birth cohort parameters had similar values. This assumption 

therefore resulted in little bias in two of the three APC estimates, but the bias would be stronger if 

age or period were instead constrained. In the second Clayton & Schifflers model, we therefore 

constrained period, and indeed this resulted in greater bias on average. Given the larger slope of 

the age effects relative to those of period and cohort, constraining age would have resulted in 

much stronger bias. Importantly, in a real application, it is unknown which effect is largest and 

which age, period or cohort categories would have similar effects on the outcome. Furthermore, 

considering that applied researchers commonly have no additional information on the true shape 



or effect sizes of the age, period and cohort effects, an unfavourable selection of constraints can 

easily be made.  

 

Evaluation of the mechanism-based approach 

The mechanism-based approach has a number of strengths and weaknesses. The first two 

weaknesses relate to its employing Pearl’s front door criterion. Firstly, employing this criterion 

results in standard errors that are often considerably larger than when a method of direct 

estimation is used, such as the Clayton & Schifflers approach. Secondly, employing Pearl’s front 

door criterion means that bootstrapping is needed to estimate standard errors, except in simple 

settings. Bootstrapping cannot be applied to aggregate level data, because the exact covariate 

profiles of the individuals making up the data are not available and hence individual-level 

resampling can‟t be done. This can be problematic, as many APC studies are performed with 

aggregated data. Furthermore, even when individual-level data are available, in a binary outcome 

setting it may be possible that in some age-period-cohort categories the probability of an event is 

so low that no events are observed. Such a situation is known as „separation‟ (Heinze and 

Schemper 2002), and can result in strong bias. We prevented separation by having a large sample 

size (n = 100,000). However, in applied research such large sample sizes may not be available. 

Fortunately, with increasing availability of large datasets, this particular weakness of the 

mechanism-based approach will diminish over time. Finally, the greatest weakness in the 

mechanism-based approach is that it is not possible to identify from the data whether a variable is 

a mediator for age, period, cohort, a combination of these two, or all three variables. This is, of 

course, exactly the same problem that occurs in any conventional APC analysis when attempting 

to decompose some outcome into age, period and cohort effects. Therefore, the untestable 



assumptions that are made in conventional APC analysis move to the mediator stage of the 

modelling procedure. 

 The mechanism-based approach also has a number of strengths. Firstly, for some 

mediators we have prior knowledge that the majority of the effect is due to one of the three APC 

variables (e.g. policy changes are largely period effects, formative experiences are largely cohort 

effects, etc.). As demonstrated in our simulations, only minor bias will occur if a small pathway 

is omitted. Secondly, by drawing a causal DAG representing our assumed relations, we are much 

more explicit about underlying assumptions than many conventional approaches to APC analysis. 

Related to this, drawing causal DAGs, and re-drawing once one of the three age, period or cohort 

variables is removed (as was done in Figure 3) helps explicate otherwise hidden assumptions 

about the relationships between age, period, cohort and their mediators. Furthermore, it can also 

help identify possible biases, such as the collider stratification bias described in relation to 

scenario 3 „confounding‟. Finally, the mechanism-based approach lends itself well to sensitivity 

analyses. If investigators are unsure about some assumed relations, then additional analyses can 

be done in which more doubtful relationships are modelled differently. For example, if we are 

unsure if age or period is a cause of a particular mediator, we can estimate age, period and cohort 

effects once with age as the cause and once with period as the cause to determine how robust our 

age, period and cohort effect estimates are. 

 

Applying the mechanism-based approach 

We described how the mechanism-based approach can be extended to incorporate generalized 

linear models with non-linear link functions, such as logistic or Poisson regression, and to 

parameterization of any complexity. In applying the approach however, other considerations also 

have to be made. 



Firstly, in our simulations, we estimated the effect of period through mediators on the 

period path. With the exception of sign changes in the bias (see the method section on linear 

dependency), the results of our study would have been very similar if we use mediators for age or 

cohort. While investigators are free to choose a set of mediators for any of the three age, period 

and cohort variables, mediators for period may be easiest to find in some settings. In both 

medical and social settings, the effect of age on the outcome is often quite strong (relative to 

period and cohort), and the age effect may go through a large number of mediators. Finding a set 

of age mediators of sufficient size may therefore prove difficult. The set of mediators for birth 

cohort is likely much smaller. However, since birth cohort effects are believed to be caused by 

shared formative experiences, using birth cohort mediators may require information that was 

recorded many decades ago if the study population contains elderly individuals. Such information 

may be difficult to acquire. Using mediators for period means that historical information is not 

needed, and a smaller set of mediators is needed than when choosing mediators for age. 

 Secondly, in all scenarios, we had multiple mediators on the path from period to the 

outcome. When estimating the effect of period on a mediator, we did not control for the other 

period mediators. Controlling for the other mediators when estimating the effect of period on a 

mediator may itself result in bias. This is the case because period may have an effect on a 

mediator that goes through another mediator (i.e. some mediators affect other mediators). By 

conditioning on other mediators, these paths to a mediator are blocked and hence we do not 

estimate the total effect of period on this mediator. This bias is not incurred if we additionally 

model the paths between the mediators, but only if the paths between these mediators are not 

confounded. If there is an uncontrolled confounding variable between the mediators, bias is once 

again introduced. Therefore, it is both easier and more sensible to model the effect of period (or 



age, or cohort) on each mediator in turn without controlling for other mediators when fitting each 

mediator model. 

 

Linear dependency and causality 

In both the data generating mechanism, and when estimating the effects of age, period and 

cohort, we sought to maintain the linear dependency (C = P - A). Age, period and cohort can be 

categorized in other ways, such that the linear dependency is broken, but this creates biases in 

estimation (Carstensen 2007; Clayton and Schifflers 1987) and should therefore be avoided. For 

this reason, we have overlapping birth cohort categories; e.g. individuals aged 50 to 54 in the 

period 2000-2004 are born in the period 1946 to 1954 (as 2000 – 54 = 1946, and 2004 – 50 = 

1954), and individuals aged 50-54 in the period 2005-2009 are born in the period 1951 to 1959. It 

is possible to have age, period and cohort „categories‟ of the same size, but this requires data of a 

fine resolution and modelling of age, period and cohort as continuous variables (Carstensen 

2007). In a different way, we did intentionally break the linear dependency between age, period 

and cohort when estimating period effects using Monte Carlo integration, as explained in the 

methods section.  

 To represent the deterministic relationship between age, period and cohort in the causal 

DAG, we used bold arrows, which is in line with conventions in causal inference (Spiegelhalter 

et al. 2002; Spirtes et al. 2001) but differs from the representation used by Winship and Harding 

(2008). We used these arrows because the relationship between age, period and cohort is 

fundamentally different than that of other relationships in the DAG (which are stochastic and 

causal, rather than deterministic). For example, if we instead use the same non-bold arrows, then 

an association between any two of the age, period and cohort variables would be wrongly 



derived, while in truth any two of them could be (and in our simulations were) pairwise 

independent. 

 

Conclusion 

We extended the mechanism-based approach to allow it to be easily used for models with non-

linear link functions and parametrizations of any complexity. We demonstrated that the 

mechanism-based approach to APC modelling works reasonably well even in the circumstance 

where some mediators were missing, especially if the removed mediators had effects that were of 

opposite sign. Biases occurred when the modelled causal relations did not coincide with the true 

causal pathways, such as when paths from causes to mediators were omitted from the estimation 

model, or if there was unmeasured confounding. Size of bias is dependent on size of the omitted 

intermediate variables, confounders or pathways; severe (combinations of) violations will 

therefore lead to severe bias. 
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Direction of effect 

Mediator 

Period on 

mediator 

Mediator on 

outcome 

Period on 

outcome 

BMI Positive Positive Positive 

Smoking Negative Positive Negative 

Statin Positive Negative Negative 

Unmeasured Negative Positive Negative 

Table 1. Direction of effect of period on the mediators, mediators on cardiovascular mortality, 

and the direction along the entire path of period on cardiovascular mortality. 

 

  



 

Figure 1. Causal Directed Acyclic Graph, showing the age effect (α*), cohort effect (θ*), and the 

period effect (the β*‟s). The bold arrows represent deterministic relationships, while the non-bold 

arrows represent stochastic relationships. 

 

Figure 2. Causal Directed Acyclic Graph of the 3 scenarios investigated by simulation. Bold 

arrows between age (A), period (P) and cohort (C) represent a deterministic relationship, whereas 

the remaining arrows represent stochastic causal relationships. Circled variables represent 

variables that are omitted from the estimation model (in some simulation setups). 



 

Figure 3. Causal Directed Acyclic Graph when the age effect (  ) and cohort effect (  ) are 

estimated directly, and the period effect is estimated using mediators as per Pearl’s front door 

criterion, while one period mediator is unmeasured. Left: effect estimates if M2 is measured and 

P is included in the estimation process. Right: relationships that form due to linear dependency 

when period is excluded from estimation. 

  



 

Figure 4. Average estimated parameters for the APC effects in scenario 1 (simple) using the 

mechanism-based approach: summary of 1000 simulations. 



 

Figure 5. Average APC estimates in scenario 1 (simple) using the two Clayton & Schiffler 

models with 1931-1939 and the 1936-1944 cohort effects constrained to be equal („middle birth 

cohorts‟) and 1990-2000 and the 1995-2005 period effects constrained to be equal („first calendar 

years‟): summary of 1000 simulations. The correct model specification and an age-cohort model 

are used as comparisons. 



 

Figure 6. Average APC estimates in scenario 2 (more causes) using the mechanism-based 

approach: summary of 1000 simulations. 



 

Figure 7. Average APC estimates in scenario 3 (confounding) using the mechanism-based 

approach: summary of 1000 simulations 
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