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Abstract

Background: Age-Period-Cohort (APC) models are often used to decompose health trends into
period- and cohort-based sources, but their use in epidemiology remains contentious. Central
to the contention are researchers’ failures to 1) clearly state their analytic assumptions and/or
2) thoroughly evaluate model results. These failures generate confusion about the merits of
APC methods, and different APC approaches are often treated and discussed as one and the
same. Consequently, scholarly exchanges about APC methods usually result in strong
disagreements that rarely offer practical advice to users or readers of APC methods.

Methods: We propose three simple guidelines to help practitioners of APC methods articulate
their assumptions and validate their results. To demonstrate the usefulness of the guidelines,
we apply them to results recently published in American Journal of Epidemiology about black-
white differences in U.S. heart disease mortality.

Results: The application of the guidelines reveals two important findings. On the one hand,
some APC methods produce inconsistent results that are highly sensitive to researcher
manipulation. On the other hand, other APC methods estimate results that are robust to
researcher manipulation and consistent across APC models.

Conclusions: The exercise shows the simplicity and effectiveness of the guidelines in resolving
disagreements over APC results. The cautious use of APC models can generate results that are

consistent across methods and robust to researcher manipulation.

Keywords: Age-Period-Cohort, trends, heart disease, mortality



A recent article in the American Journal of Epidemiology (AJE) (1) featured cohort analyses to
examine trends in black-white differences in U.S. heart disease mortality. Accompanying the
article was a comment (2) and a reply by two of the article’s authors (3) that discussed age-
period-cohort (APC) methods in epidemiologic studies. The back-and-forth was unsatisfactory,
as the exchange provided little in the way of practical advice for users of APC methods. On one
side was a group of APC practitioners who enthusiastically supported the use of a readily
available “APC toolbox” (3, p. 1) and on the other side was a skeptic warning of severe
“potential pitfalls” in APC analyses (2, p. 1). Harper (2) rightly emphasized that the utility of APC
models rests on the plausibility of one’s assumptions, but casted doubt on the use of all APC
methods. Concluding that APC models have estimated “wildly differing conclusions regarding
the influence of period and cohort effects” on U.S. heart disease mortality, Harper (2, p. 2)
warned readers, “it seems likely that researchers could end up choosing APC models that are
most consistent with their favorite hypotheses.” In response to Harper’s critical assessment of
APC methods and his dire warnings about their use, Kramer and Casper (3, p. 1) believed the
exchange produced “more areas of agreement than disagreement,” and left with their results
largely intact. They concluded, “the APC toolbox accomplished the task for which it is suited.”
Readers of the exchange were left at an impasse, with neither a way to assess the
exchange nor a clear way forward to use APC models or interpret their results. Should readers
distrust all results from APC analyses or does an “APC toolbox” exist for their easy use? We
suggest it’s neither of these alternatives and recommend three guidelines for the cautious use
of APC methods in social scientific research. We revisit Kramer et al.’s (1) analyses and apply

these guidelines to provide evidence against the notion that an “APC toolbox” exists for easy



analysis of APC trends in health outcomes. Some APC methods are preferred to others and
researchers need to adjudicate between them when fitting APC models. Specifically, some APC
methods estimate results that are internally consistent (i.e., results are invariable to the choice
of model constraint) as well as consistent with other methods (i.e., results estimated from
different APC methods are statistically indistinguishable from each other). Conversely, other
APC methods estimate results that are neither internally consistent nor consistent with other
methods’ estimates. However, the evidence also rebukes Harper’s contention that APC models
produce “wildly differing conclusions” (2: p. 1) and that researchers can manipulate APC models
to be “most consistent with their favorite hypotheses” (2, p. 2). Conclusions differ across APC
studies largely because researchers misapply APC methods and fail to validate results, not from
the methods themselves. What follows is a simple test and application of APC guidelines to a)
help clarify applications of APC methods in epidemiologic studies and b) use sensitivity tests to

validate results.

Guidelines for APC Analyses

Cohort analyses have a long history in epidemiology (4), but doubts remain about using
APC statistical methods (5-19). The first cohort analyses plotted age-specific rates by period to
descriptively show variation in trends. These practices continue to serve as first steps for
possibly identifying “non-parallelism” in period-based trends in outcomes (12, p. 815; 20, 21),
which can indicate whether or not cohort-based variation might exist in the outcome. Thus,

they help researchers decide if they ought to employ a full “three-dimensional” (i.e., APC)



statistical model over a simpler age-period (AP) or age-cohort model (AC) (1, 18, 20). These
descriptive plots do not help determine what statistical approach is preferred for fitting an APC
model (12, 20). This is an important point of clarification that challenges Kramer et al.’s (3, p. 1)
notion of an “APC toolbox.” Although graphical plots might suggest an APC model would be
useful for detecting age, period, and cohort variation in an outcome, researchers must choose
from a number of statistically-based APC methods to help investigate their research questions

(20). The following guidelines apply to this choice.

Simplify models and explicitly state assumptions.

A central concern with fitting statistical APC models is the constraint imposed by a given
method (8-12, 20). A constraint is necessary in order to identify a solution from the infinite
number of solutions that exist as a result of the linear dependency between age, period, and
cohort (e.g., cohort=period-age). Clearly stating the assumptions behind a statistical method’s
constraint is necessary as some constraints are more appropriate than others for a given data
structure. Further, model estimates from some APC methods can vary considerably depending
on the choice of constraint (9, 13-15, 20). Finally, some constraints are imposed directly by
researchers whereas other methods impose constraints that are largely uninfluenced by
researchers’ decisions.

Kramer et al. (1) specified an APC model using dummy coding with equality constraints,
which requires strong theory to assume equality between APC referent categories and the

constrained period values. In models with highly collinear predictors, dummy-variable designs



like this privilege a particular solution in the solution space (12). It is for this reason that early
developers of some APC methods used centered effects coding (i.e., sum to zero constraints
over each set of APC parameters ) and constrained parameter invariance to small regions in the
parameter space (22-24). The further use of an equality constraint on parameters requires even
stronger theory or a priori “side information” to justify specifying parameter values to be equal
to each other (9, p. 22; 11, 12, 16, 20). Kramer et al. (1), for instance, constrained the first two
periods in their model to be equal to each other, and used the seventh age and sixth cohort as
referent categories: f; = y; =y, = 8¢ = 0 (8, p. 242). Kramer et al. (1) applied the constraint
in a “somewhat unorthodox” way by fitting an APC model that constrained the period
parameters associated with the rate ratio between black and white mortality, rather than
fitting APC models separately to the mortality rates (3, p. 1). The approach unnecessarily
complicates the constraint assumptions and is incredibly difficult to theoretically justify or to
empirically evaluate. The constraint is both difficult for readers to follow and also increases the
likelihood that model estimates of APC parameters are biased because the imposed y; = y,
constraint must hold simultaneously in separate populations. This assumption receives little
support in Kramer et al.’s (1) own Figure 1 and Figure 2, which show, respectively, differences
between black and white men’s and women’s period-based trends in age-standardized
mortality rates and rate ratios. The heart disease mortality trends during the 1970s — the time
period constrained to be equal in Kramer et al.’s (1) model, 1973-1977=1978-1982 — appear to
differ considerably for black and white men and women, with faster declines observed in the
white population than in the black population.

To make constraint assumptions explicit and simple for readers to follow, we recommend:



a. Researchers fit APC models on rates themselves, not rate ratios.

b. Researchers fit APC models separately by subpopulations, not on pooled data using
interaction terms.

c. Researchers use APC methods that minimize researcher involvement in the application

of the model constraint.

Regarding point c., Kramer et al.’s (1) use of the “Mason et al. method” requires a
researcher to set equal the variation between two ages, two periods, or two cohorts in order to
identify the APC model (e.g., ¥1 = ¥-»). This method therefore requires strong theory to inform
the researcher about which two parameters should be constrained equal to each other in order
to identify the APC model. Several alternative APC identification strategies exist that minimize a
researcher’s involvement in the constraint. For example, the intrinsic estimator (IE) applies a
Moore-Penrose (MP) generalized inverse to the singular design matrix in tabular APC data. This
approach builds off early work (22) that parameterizes the APC model using centered effects
coding and yields a solution with smaller variance than other constrained approaches (20, 23-
27). Alternative APC methods employ a maximum entropy estimator (MEE) to a bounded range
of the response variable to estimate APC parameters that are set-identified (28). Fu (2016)
shows the consistency of MP estimators such as the IE as the number of cells in the age x
period table increase (24). Other work on MP estimators for APC models have discussed
desirable shared properties of MP estimators as well as how APC estimates can diverge
depending on design matrices (29). Additionally, Hierarchical-Age-Period-Cohort Cross-

Classified Radom Effects Models (HAPC-CCREM) treat age as fixed effects and nest individuals in



periods and cohorts to estimate coefficients on a multiplicative scale (20, 30, 31). Although
researchers can influence model estimates by changing the number and size of the APC
groupings (e.g., three-year vs. five-year groupings), the constraints used in hierarchical APC
methods and those in MP estimators remain largely outside the researcher’s control.
Constraints are not made by researchers arbitrarily setting values equal to one another.
Instead, for example, the constraints in MP estimators depend on the structure of the data and
the minimum-norm constraint applied in the solution space. Finally, although it is known that
all APC models yield biased estimates of APC parameters unless the model’s constraint exists in
the actual population, it has been shown that some methods are better than others at
minimizing this bias (12, 20, 22, 24, 32, 33). Overall, researchers using APC methods should
make clear the constraint they use, apply it in the simplest way possible, and favor the use of

methods that minimize researcher influence on the choice and application of the constraint.

Test within-method consistency of APC estimates.

Researchers should evaluate the sensitivity of an APC model’s estimates by changing the
model’s referent categories, constraining different model parameters, and altering model
specifics (9, 12, 20). To demonstrate the utility of validating one’s results, we revisit Kramer et
al.’s (1) use of constrained generalized linear models (CGLIM) and their Table 1 data. We refit
APC variation in black and white men’s heart disease mortality rates by first using Kramer et
al.’s (1) equality constraint on the first two period parameters. We then fit the model with an

alternative constraint that set equal the last two period parameters. The differences between



APC coefficients from Kramer et al.’s model and the alternative model are shown in the right-
hand panels of Figure 1 and Figure 2. In contrast, also included in Figure 1 and Figure 2 (left-
hand panels) are APC coefficients from two models fitted using the IE, with one model fitted
using the first APC categories as referents and the other model fitted using the last APC

categories as referents (25).

[Figure 1 about here]

[Figure 2 about here]

APC coefficients estimated from the CGLIM model fitted by using Kramer et al.’s (1)
constraint are substantively different from the APC coefficients estimated by the CGLIM model
that constrained the last two period parameters. The variation in APC estimates is seen among
both black and white men’s heart disease mortality. Consistent with others’ warnings, APC
coefficients estimated from CGLIM models are highly sensitive to a researcher’s choice of
constraint (9, 12, 20). Conversely, the sets of APC coefficients estimated from the two IE models
are very much consistent with each other in both the black and white men’s populations. Thus,
contrary to Harper’s (2) concern that researchers can tinker with APC methods to find results
that support their favorite hypotheses, APC estimates from the IE models are largely invariant

to the choice of referent categories (25).

Test between-method consistency of APC estimates.



A central worry raised by Harper (2, p. 1) is the “flexibility of APC Models” and the ease
with which researchers can use computational programs to fit the models. Taken together,
these concerns imply that researchers might be able to modify APC models to produce results
that are “most consistent with their favorite hypotheses” (2, p. 2). This claim can be directly
tested, however, and to some extent was tested in point 2 above. In addition to testing the
within-method consistency of APC estimates by varying referents (in the case of the IE method)
or changing the parameter constraints (in the case of CGLIMs), researchers should validate their
APC estimates by comparing them to estimates from alternative APC methods. That is, directly

test the variation in APC model estimates across methods.

[Figure 3 about here]

In their online supplement, Kramer et al. (1) tested between-method consistency of APC
estimates by plotting rate ratios from three different methods: the CGLIM method used in their
paper, the IE, and the Median Polish model (34, 35). Kramer et al.’s between-method
comparison makes it difficult to assess the consistency of the models’ results because they
compare between-population estimates within a method (e.g., they plot the IE method’s
estimated APC rate ratios for white men, black men, white women, and black women together
in one graph). A more useful comparison of between-method results would be to contrast
within-population estimates from different methods (e.g., plot APC rate ratios of black
women’s heart disease mortality estimated from both the IE method and the CGLIM method on

the same graph). Because our concern is with between-method variation in the APC estimates,



researchers should make the comparison of alternative methods’ estimates as easy to gauge as
possible.

Figure 3 plots APC coefficients for white men’s heart disease mortality rates estimated
from four different APC models: (a) Kramer et al.’s use of CGLIM models that constrain the first
two periods, y; = ¥, (1), (b) the average of two models using the intrinsic estimator (IE), one
using the first categories of APC as referents and the second using the last categories of APC as
referents (25), (c) the maximum entropy estimator (MEE) (28), and (d) Hierarchical Age-Period-
Cohort Cross-Classified Random Effects Models (HAPC-CCREM) (20, 30, 31) (an online
supplement briefly describes the analytic approaches of these models and also provides the
Stata and R codes used to fit the models). Results show that the age, period, and cohort
coefficients estimated from the IE, MEE, and HAPC-CCREM models are consistent with one
another. In all comparisons, we see age-based increases in heart disease mortality and strong
declines in heart disease mortality risk across both periods and cohorts, albeit with slowing
declines among recent cohorts. These findings are consistent with existing evidence suggesting
cohort-based stalling in U.S. heart disease mortality declines, and strong period-based declines
across this time (32, 36, 37). In Figure 3 we also see that the CGLIM model yields APC
coefficients that are inconsistent with these patterns. The age patterns are more attenuated
than the age-based patterns suggested by the three other models, period-based variation is
estimated to be virtually non-existent, and cohort-based declines are estimated to be much
more pronounced. Overall, the results show that three different APC modeling strategies (IE,
MEE, HAPC-CCREM) estimate very similar APC variation in white men’s heart disease mortality.

Conversely, the constrained CGLIM model estimates APC patterns that seriously conflict with



the others. This evidence counters Harper’s (2, p. 1) worry that different APC methods can
produce “wildly different conclusions,” and further undermines his notion that researchers can
strong-arm APC models into generating results that are “most consistent with their favorite
hypotheses” (2, p. 2). The evidence also supports our earlier suggestion that researchers favor
APC methods that minimize their involvement in the model constraint. We see that the three
APC methods that minimize researcher involvement in the application of the constraint —the IE,
the MEE, and HAPC-CCREM — estimated APC coefficients that are very consistent with one
another. Conversely, Kramer et al.’s (1) identification strategy of forcing equal variation in heart
disease mortality during the 1973-1978 and 1978-1983 periods estimated very different results

that are sensitive to choice of the equality constraint.

Discussion

Researchers aiming to document period and/or cohort trends in health outcomes will likely
continue to use APC models. Some researchers will strongly caution against the use of APC
models, while others will perhaps defend and even advocate their use. We urge readers to
consider that the best practice for cohort analyses is to cautiously adjudicate between different
APC approaches, as some techniques are more advantaged than others for identifying cohort-
based variation in health outcomes. Although Kramer and colleagues (1, 3) and Harper (2) both
acknowledged that APC models are at best descriptive tools, neither recognized the important
differences that exist across APC approaches for estimating APC variation in outcomes. On the

one hand, Kramer and colleagues (3, p. 1) advocated the use of a general “APC toolbox.” On the
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other hand, Harper (2, p.2) suggested “that APC models should be used with caution,” but
made little distinction between the vast APC approaches in his warning. Given the difficulties
and “potential pitfalls” in APC analyses, researchers need to recognize that not all APC
approaches are the same — they constitute neither a “toolbox” for easy application nor a black
box susceptible to manipulation. In this paper, we offered three easy-to-implement steps for
the cautious use of APC models, which build upon others’ suggestions (e.g., 12, 20, 21). To
recap, we encourage APC researchers to first use graphs as exploratory exercises. Plot age-
specific rates across time periods in order to identify possible “non-parallelism” in the trends
(12, 20, 21). If the trends appear to be parallel, an APC statistical model fitted to the data will
likely estimate biased results (18, 20, 37). Also, use GOF statistics to help assess if APC models
likely account for more variation in the outcome than do simpler AP or AC models. An APC
model fitted to data where a simpler model is preferred will estimate biased results (18, 20, 21,
32, 33, 38). Next,
1. Simplify models and clearly state your assumptions.
a. Fit APC models on rates themselves, not rate ratios.
b. Fit APC models separately by subpopulations, not on pooled data using
interaction terms.
c. Favor APC methods that minimize researcher involvement in the application of
the model constraint.
2. Test within-method consistency (i.e., specify the model differently and compare the

new results to those from the original model)
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3. Test between-method consistency (i.e., compare model results to those estimated by

models identified from different constraints)

Using these guidelines to assess the validity of Kramer and colleagues’ (3, p. 1) “APC
toolbox,” we find (a) it took a “somewhat unorthodox approach” to constraining the model,
making the identification strategy difficult to follow, (b) it required the researchers to impose
an arbitrary equality constraint on the model parameters (y; = ¥-), (c) when the model was
fitted with a different constraint, the estimates differed substantially from those reported in
the paper, and (d) the model estimated results that were inconsistent with several alternative
APC methods. These shortcomings are strong evidence against the existence of an “APC
toolbox.” However, by applying our guidelines to Kramer et al.’s (1) data, we also found little
support for Harper’s (2, p.2) contentions that APC models arrive at “wildly differing conclusions
regarding the influence of period and cohort effects” or that “researchers could end up
choosing APC models that are most consistent with their favorite hypotheses.” On the contrary,
when we used APC constraints that are beyond researcher manipulation, results were
consistent across the models and estimates from the IE were insensitive to alternative referent
categories. With these guidelines, we can likely move conversations about APC methods
beyond sweeping criticisms and/or support for generic “APC toolboxes” toward more practical
discussions about how researchers using APC methods should articulate assumptions, specify

multiple models, and scrutinize their results.
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Figure 1. Age, Period, and Cohort Variation in U.S. Black Men’s Heart Disease Related Mortality
Rates, Ages 35-85 between Years 1973-2010. Variations in Left Column Estimated from IE,
Variations in Right Column Estimated from CGLIM.
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Figure 2. Age, Period, and Cohort Variation in U.S.

White Men’s Heart Disease Related Mortality

Rates, Ages 35-85 between Years 1973-2010. Variations in Left Column Estimated from IE,

Variations in Right Column Estimated from CGLIM.
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Figure 3. Age, Period, and Cohort Variation in U.S. White Men’s Heart Disease Related Mortality

Rates, Ages 35-85 between Years 1973-2010, Estimated from IE, MEE, HAPC-CCREM, and
CGLIM.
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