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Abstract

This article uses the example of voter turnout in US presidential elections to compare two
newmethods for age, period, and cohort (APC) analysis: the APC interaction model and
the APC bounding analysis. While discussing the formal, conceptual, and interpretive
differences between the two methods, the analysis demonstrates how both methods can
be used to generate distinct but complementary findings. Because the two methods
take alternative positions on the appropriate cohort-effect estimands, the comparison
underscores the importance of well-grounded conceptual foundations in APC analysis.
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1. Introduction
A record-setting 160 million Americans, consisting of 66.8 percent of the voting-eligible population,
cast ballots in the 2020 general election (McDonald 2020). The voting surge was welcomed by com-
mentators worried about declining turnout rates and vanishing voters (e.g., Rosenstone and Hansen
1993; Teixeira 1992; Miller and Shanks 1996; Patterson 2002; cf. McDonald and Popkin 2001), and
several explanations have been proposed.1 Some focus on factors confined to the election, such as
the resurgence of interest in politics fueled by the presidency of Donald Trump and the broaden-
ing of absentee voting to mitigate the impact of the COVID-19 pandemic. Others suggest cohort-
replacement explanations, underscoring the unusually high turnout among young voters who came
of age during a period of growing economic insecurity.2

At least since the 1960s, with the development of age-period-cohort (APC) models, demog-
raphers and social scientists have investigated analogous explanations for voting behavior (e.g.,
Alwin 1998; Dassonneville 2017; Frenk, Yang, and Land 2013; Glenn and Grimes 1968; Hout and
Knoke 1975; Land, Hough, and McMillen 1986; Smets and Neundorf 2014). However, determining
how APC processes structure an outcome such as turnout is challenging. One must contend with
the identification problem that arises from the linear dependencies among three predictors on the
same time scale (age = period - birth year). The problem has prompted some scholars to use methods
that require that unverifiable restrictions be placed on the data.3

This article has two main purposes. First, more narrowly, it revisits the prior findings on
how APC processes have shaped voter turnout trends in the US and extends them to cover the three
most recent presidential elections. To this end, two new approaches to APC analysis — namely,
APC bounding analysis (Fosse andWinship 2019b) and the APC-interaction (APC-I) model (Luo and
Hodges 2020a) — are applied to the 1976-2020 Current Population Survey Voting and Registration
Supplements (CPS-VRSs).

Second, more broadly, it offers a methodological comparison of two promising approaches.
These two methods are grounded in distinct approaches to APC analysis that have long coexisted
within the literature. Nevertheless, direct comparisons and contrasts of these approaches, using
the same data for a specific analytical question, have seldom been conducted (but see Keyes, Utz,
Robinson, and Li 2010). The examination of voter turnout offers an ideal context for demonstrating
and contrasting the new methods, given the extensive existing knowledge on the subject and the
large sample sizes available from the CPS-VRSs. Through the motivating analysis, I aim to elucidate
the formal and conceptual differences that underlie the two methods. By connecting the methods

1See Figure S1 in the Online Supplement for the national turnout rates from 1976 to 2020.
2See, for some journalistic examples, McDonald (2020), Corasaniti and Rutenberg (2020), and Hess (2020).
3The latest wave of the literature demonstrates that identification claims of the methods employed in prior analyses

are overstated, given that they entail arbitrary constraints that are often difficult to justify (for review, see Bell 2019;
Fosse and Winship 2019a). For example, the Hierarchical-APC (H-APC) model of Yang and Land (2006) has been used
in recent studies of turnout trends (Dassonneville 2017; Frenk et al. 2013; Smets and Neundorf 2014). The H-APC model
entails strong assumptions that are insufficiently grounded (see Bell and Jones 2014; Fosse and Winship 2019a; Luo and
Hodges 2020b). As a result, the conclusions of the studies may be incorrect.
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with the more abstract frameworks they each represent, I aim to assist researchers in choosing the
most fitting method for their objectives.

2. How APC Processes Shape Turnout Trends in the US
In this section, I first explain howAPC processes can shape turnout trends. The preexisting literature
on age differentiation in prior general elections is extensive. A robust finding in this literature is
that age has a curvilinear relationship with turnout; turnout climbs incrementally with age, plateaus,
and then falls with aging among older individuals. This age curve is observed almost universally in
Western democracies, including the US (for review, see Dassonneville 2017; Smets 2021).4

Period effects are present when election-specific events and circumstances shift aggregate
voting patterns. Typical sources of period effects include the competitiveness of the election, cam-
paign efficiency in voter mobilization, and changes in registration and voting laws (for recent re-
views, see Cancela and Geys 2016; Smets and Van Ham 2013; Stockemer 2017). Among them, three
factors have been particularly relevant to the 2020 election. First, the election was highly partisan
and competitive (Drutman 2021; Pew Research Center 2020). Second, one candidate was especially
provocative (McDonald 2020). Third, the expansion of absentee voting made voting much easier
(Scherer 2021; cf. Yoder, Handan-Nader, Myers, Nowacki,Thompson,Wu, Yorgason, and Hall 2021).5

Cohort differentiation or cohort replacement can also drive turnout trends (Ryder 1965). For-
mal education increases essential cognitive, social, and civic resources for political engagement
(Cancela and Geys 2016). In the US, formal education saw substantial growth over the twentieth
century.6 Thus, the substantial role of education in predicting political engagement and its broad
increase across most cohorts suggests an overall increase in voter turnout due to cohort replacement.

In the political socialization literature, it is also argued that life-long political dispositions are
disproportionately shaped early in the life course (e.g., Alwin, Cohen, and Newcomb 1991; Bartels
and Jackman 2014; Jennings and Niemi 2014; Smets 2021). Because the sociopolitical contexts of
the formative years are unique for each cohort but common within a cohort, cohorts may differ in
political orientations. Aggregate-level change in turnout occurs when cohorts move through time
and cohort compositions change in the electorate.

The most prominent example of relevant cohort differentiation is the comparison of those
4Specifically, in the US, prior studies generally suggest two critical points; one in the fifties and early-sixties when

turnout peaks and another around seventy when turnout rates start to decline with age (e.g., Campbell, Converse,
Miller, and Stokes 1980; Dassonneville 2017; Glenn and Grimes 1968; Hout and Knoke 1975; Land et al. 1986; Smets 2021;
Wolfinger, Rosenstone, and Rosenstone 1980).

5As supporting evidence, see Pew Research Center (2020) and Scherer (2021) which together shows that significantly
more registered voters in 2020 1) perceived the two major-party candidates to differ on various issues, 2) thought the
result of the election “really matters” to the nation, 3) cited opposition to the competing candidate (e.g., “he is not
Trump”) as a reason for deciding support a candidate, and 4) voted early or by mail compared to prior elections.

6This educational growth was particularly pronounced in the earlier decades of the century, with bachelor’s degree
attainment by age twenty-five increasing from 6-7 percent in the 1915 cohort to 28 percent in the 1975 cohort, though
this trend plateaued for those born post-1980 (Bailey and Dynarski 2011).
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who did (or did not) pass through the Great Depression and the New Deal during their formative
years. It is often claimed that the experiences of economic distress, government interventionism,
and the sudden reshaping of the party system distinguish these cohorts’ socio-political orientations
from others (e.g., Abramson 1974; Alwin et al. 1991; Miller and Shanks 1996).7

3. Data and Methods of Analysis
I draw data from the 1976-2020 CPS-VRS, disseminated by the Integrated Public UseMicrodata Series
(Flood, King, Ruggles, and Warren 2021). CPS-VRSs are fielded bi-annually when congressional and
presidential elections are held. Because this article focuses on presidential elections, I only use data
from the years in 1976 to 2020 when a presidential election was held. I also group age and period
variables into 4-year bins to align the time scales, as is the common practice in APC modeling.
Additional detail on the data source is provided in Section S1 in the Online Supplement.

3.1. APC Accounting Model Framework

Let y denote the outcome set to 1 if a respondent voted and 0 otherwise. The age-period data array
for the CPS-VRS data is indexed a = 1, . . . , 15 and p = 1, . . . , 12 for the age and period groups.
Cohorts are then indexed from 1 to 26, yielding 26 groups born from 1899-1902 to 1999-2002. The
classical APC accounting model is

y = µ+ αa + βp + γc + ϵ (1)

where αa, βp, and γc denote, in this application, the 15 age effect parameters, 12 period effect param-
eters, and 26 cohort effect parameters, respectively (Mason, Mason, Winsborough, and Poole 1973).8

The intercept is µ, and ϵ represents all other variation.

Following Holford (1983), it is useful to express the same model in a linearized form by spec-
ifying linear components of the effect parameters in Equation (1):

y = µ+ αLA
L
a + βLP

L
p + γLC

L
c︸ ︷︷ ︸

Linear components

+ α̃a + β̃p + γ̃c︸ ︷︷ ︸
Nonlinear components

+ϵ (2)

7For example, Putnam (2000) refers to individuals born between 1910 and 1940 as the “long civic generation.” Putnam
contrasts these cohorts’ impressive levels of civic engagement to the successive cohorts, which he interprets as the
impact of experiencing the Depression andWorld War II when coming of age. He further claims that the decline of civic
activities over the late twentieth century is due primarily to the replacement of this civic generation with the “laid-back”
Boomers. Similar claims on electoral participation are made in Miller (1992) and Lyons and Alexander (2000).

8The seminal work of Mason et al. (1973) uses the word effect to describe the age, period, and cohort parameters in
Equation (2) (see their Equation (2)). Fosse andWinship (2019b) do the same for their parameters (see their Equation (1)).
I follow this convention in the article but do not intend to imply causal effects based on the notions of counterfactuals
(see Morgan and Winship 2015). See Section S3 in the Online Supplement for a brief discussion of the challenges in
ascribing causal interpretations to APC estimands.

3



The slope parameter αL is a fixed coefficient, and AL
a is indexed from 1 to 15 for the age groups. The

effect parameter denoted by α̃a is then the departure from the linear trend determined by αLA
L
a .

The period and cohort effect parameters are defined analogously.

The linear dependency of the APC variation renders Equation (2) equivalent to

y = µ+ αLA
L
a α̃a + βLP

L
p + γL(P

L
p − AL

a ) + β̃p + γ̃c + ϵ (3a)

= µ+
[
(αL − γL)A

L
a + α̃a

]
+
[
(βL + γL)P

L
p + β̃p

]
+ γ̃c + ϵ (3b)

TheAPC identification challenge is that the data alone cannot determine the linear slopes (αL, βL, γL),
but only lower-dimensional differences and summations, such as (αL−γL) and (βL+γL) in Equation
(3b) (see Rodgers 1982). All the nonlinear components (α̃a, β̃p, γ̃c) are point identified, but only as
deviations from the linear components (αLA

L
a , βLP

L
p , γLC

L
c ) that remain unidentified. As a result,

the nonlinear components are identified only in a conditional sense.

3.2. APC-I Model

The APC-I Model of Luo and Hodges (2020a) is

y = µ∗ + α∗
a + β∗

p + η∗ap(c) + ϵ∗ (4)

where η∗ap(c) denotes cross-product interactions between the ath age group and pth period for the
cohort group c.9 Notably, the stand-alone cohort parameters γc from the accounting model in Equa-
tion (1) are substituted by these age-period interaction effect parameters η∗ap(c). As I discuss in more
detail later, this subtle change reflects the key conceptual shift from the accounting model. Follow-
ing the reasoning of Ryder (1965), cohort effects are themselves assumed to be generated by period
effects that vary with age, or vice versa.

Interpreted in terms of an age-period data array, the APC-I model corresponds to a form of
the two-factor model with interactions (Fienberg and Mason 1979). The effect parameters α∗

a and
β∗
p are marginal age and period effects, respectively. The interaction terms η∗ap(c) account for the

cell-specific deviations from the values implied by the two marginal effect parameters.10

Unlike the accounting model, the APC-I model allows all parameters to be estimated di-
rectly from the data, which may then be interpreted as APC effect parameters when appropriately
structured. Luo and Hodges suggest taking the arithmetic mean of the age-period interaction terms
corresponding to a specific cohort as an overall summary of a cohort effect. This measure represents

9For different approaches formodeling cohort effects using age-period interactions, see James and Segal (1982); Keyes
and Li (2010); Ohtaki, Kim, and Munaka (1990).

10It is important to note that this interpretation of interaction effect parameters depends on the use of effect coding
(i.e., sum-to-zero coding), as recommended by Luo and Hodges. While the essence of the interactions — cell-level
deviations frommarginal effect parameters — remains consistent across several alternative coding schemes, effect coding
facilitates the most straightforward interpretation of APC-I model estimates.
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the average cohort deviation of the outcome from the level jointly predicted by the marginal age and
period effect parameters.

Additionally, building upon Ryder (1965), the APC-I model offers a structured approach for
modeling intra-cohort developments throughout the life cycle. This captures systematic over-time
outcome deviations from marginal age and period effects within a cohort. Luo and Hodges suggest
using orthogonal polynomial contrasts of an appropriate order to analyze the age-period interaction
terms for a specific cohort, thereby mapping the trajectories of η∗ap(c) across different ages or periods
within that cohort. This approach marks a theoretical advancement by allowing the cohort effects
to evolve dynamically, thereby helping to align the cohort estimand more closely with its initial
formulation. I expand upon these points in subsequent sections, and an illustrative representation
of this refined feature is provided in Figure S3 of the Online Supplement.

3.3. APC Bounding Analysis

Embracing the partial identification approach of Manski (1990), Fosse and Winship (2019b) have
developed a bounding approach for APC analysis based on the accounting model. Their main idea
is to use social, cultural, and/or biological theories to restrict the parameter space of the unknown
linear slopes to credible identification intervals.

To illustrate the ideas, first recall that particular combinations of the accounting model’s
linear slopes are estimable, such as single values for (αL−γL) and (βL+γL) in Equation (3b). These
estimable values provide information about the individual slopes embedded in them. For example,
assume that the cohort slope is contained in an interval [γmin

L , γmax
L ]. Then, the true age slope is also

restricted to the interval [(αL − γL) + γmin
L , (αL − γL) + γmax

L ] because γmin
L ≤ γL ≤ γmax

L .11 When
multiple assumptions are introduced, the intersection of the implied intervals can narrow the range
of credible values.

Fosse and Winship suggest two strategies for introducing assumptions. First, a researcher
may refer to scientific theories stipulating that the outcome changes positively or negatively in
relation to a linear APC component. The sign of the linear slope is then restricted (i.e., zero is imposed
as an upper or a lower bound of one or more slopes). Secondly, one may assert an assumption of a
positive or negative incremental change in the outcome over age, period, or cohort (sub-)intervals.
These assumptions can also yield bounds on the linear slopes. I will use both strategies below.
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4. Findings

4.1. Visualization and Descriptive Results

Figure 1 presents period-by-age turnout rates from 1976 to 2020 for respondents under the age of 78
(see Section S1 in the Online Supplement for an explanation of this age cutoff). In almost all periods,
turnout rates increase monotonically in age until the age category of 58-61. After some leveling-off
during the sixties, turnout rates mostly decline from ages 70-73 to 74-77. The drop-off in turnout
during the seventies is more pronounced in the periods before 2000.

Age gaps in turnout rates tend to vary across periods, suggesting period-specific age effects.
While turnout rates of young adults are lower in most elections, their turnout increases in years
when the Democrats have won back the White House (1976, 1992, 2008, and 2020). The rates peaked
for all age groups in 2020, increasing by four to eleven percentage points from 2016 to 2020. This
widespread increase suggests a strong period effect associated with the 2020 election.

In Figure 2, I present cohort-by-period turnout trends. In all elections, turnout rates trace an
inverted U, suggesting that inter-cohort variations could be relatively constant across periods. Nev-
ertheless, I also find that the inflection points shift across elections, suggesting that age variations
are confounding these cohort patterns. The figure also shows that turnout rates in the most recent
elections, especially the 2020 election, are high relative to the prior elections for each cohort group.

Finally, Figure 3 displays cohort-by-age turnout rates. Turnout rates for each age group gen-
erally increase for successive cohort groups. These positive associations between cohort and turnout

11The complete sets of bounding formulas are presented in Fosse and Winship (2019b), which also offers more com-
prehensive expositions of the general method.
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Figure 1. Turnout Rates in Presidential Elections by Election Year and Age Groups
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Figure 2. Turnout Rates in Presidential Elections by Cohort Groups and Election Year
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Figure 3. Turnout Rates in Presidential Elections by Cohort and Age Groups

are more pronounced among age groups below 50. Moreover, when stratified by age groups, turnout
rates of cohorts after 1982 are higher thanmost of the prior cohorts. These patternsmay imply signif-
icant modification of period effects by age. However, it is also plausible that these observed patterns
are confounded by positive period effects for recent elections, as depicted in Figure 1.

Overall, the patterns in Figures 1, 2, and 3 suggest curvilinear age patterns and increasing
turnout rates by period, which peak in 2020. Moreover, turnout rates are higher among voters born
after 1980, conditional on age at the time of the election. However, the APC variables are confounded
in the descriptive analysis. To develop evidence for stronger conclusions, I use the bounding analysis
and APC-I model in the next two sections.
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4.2. Bounding Analysis

Thebounding analysis follows these steps. First, assert assumptions that can be defended as credible.
Second, exploit the known results that (a) particular combinations of the component linear slopes
are identified and estimable and (b) nonlinear components of the total APC effect parameters are
always (conditionally) identified. Then, estimate these components and use the estimates with the
assumptions to calculate implied bounds for the unidentified linear components of the total APC
effect parameters.

Partial Identification Assumptions. I use the following assumptions to investigate the
pattern of age, period, and cohort effects:

A1. Age effects increase monotonically from the age groups 18-21 to 58-61.

A2. Age effects decline monotonically from the age groups 70-73 to 74-77.

C1. The linear cohort slope is non-negative.

C2. The (weighted) average cohort effect of individuals born between 1911 and 1926 is equal
to or greater than those born between 1947 and 1966.12

These assumptions are substantively “net” of each other. A1 and A2 are supported by the
lifecourse aging literature (see Smets 2021). C1 is supported by the resource-based political engage-
ment literature (Brady, Verba, and Schlozman 1995; Verba, Schlozman, Brady, and Nie 1993), which
implies that turnout increases with increases in education. Finally, C2 is supported by the literature
on the differences between the Great Depression generation and the Baby Boomer generation (e.g.,
Alwin et al. 1991; Putnam 2000).

Estimates of Bounds. Table 1 presents the estimates of the combinations of linear slopes
from linear probability models with the coefficients scaled as percentage points.13 These estimates
are challenging to interpret on their own. The linear age and period slope sum (αL+βL) is estimated
to be 0.77. This estimate could be interpreted, for example, as an increase in the linear age component
induced by a year increase in age, conditional on the linear period slope being zero.

Figure 4 plots the accounting model’s nonlinear components — (α̃a, β̃p, γ̃c) in Equation (2)
— of the total APC effect parameters (added to an estimated intercept µ̂ = 68.1; see Table S2 in the

12Given that the Depression and New Deal era began in 1929 and persisted through the 1930s, the assumption is
that critical formative years are located somewhere between ages 3 to 29, which is consistent with the findings in the
literature (see Smets 2021: 288).

13I constructed the design matrix using weighted orthogonal polynomial contrasts (Elbers 2020), which is analogous
to the standard polynomial contrast coding but adjusts for imbalances in the number of observations between groups.
The design matrix is also normalized such that the linear slopes are interpretable as the outcome variation induced by
a year increase in age, period, or cohort. I reach substantively similar conclusions using logistic regression models (see
Figure S2 in the Online Supplement).
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Sums and Differences of Linear Slopes Estimate (Standard Error)
Age + Period Slope (αL + βL) 0.77 (0.005)
Period + Cohort Slope (βL + γL) 0.19 (0.004)
Age - Cohort Slope (αL − γL) 0.59 (0.003)

Table 1. Sums and Differences of Linear Slopes

Online Supplement for the full estimates). Interpretation of the estimates in Figure 4 is difficult with-
out information on the unknown linear slopes. Nevertheless, when combined with the identification
assumptions, they inform the parameter space of the linear slopes.

Assumption A1 requires that the total age effect (αLA
L
a + α̃a) is nonincreasing from the age

categories 18-21 to 58-61. For the data to be consistent with Assumption A1, the linear age slope
must be sufficiently large to compensate for the most significant decline in the nonlinear component
within the asserted interval (i.e., αL ≥ min{α̃a+1− α̃a}10a=1/4). The estimated nonlinear components
for these age groups are 59.5, 64.5, 67.4, 70.3, 72.0, 72.8, 72.3, 71.9, 70.5, 69.9, and 68.3. Therefore,
their (forward) differences are 5.0, 2.9, 2.9, 1.6, 0.9, -0.6, -0.4, -1.4, -0.6, and -1.6. The most substantial
decline in the nonlinear age component is 1.6 percentage points. This decline occurs between age
groups 54-57 and 58-61 and is represented by the blue shaded area in the left panel of Figure 4. After
normalization, this result suggests that the lower bound of the linear age slope αL is 0.4 (i.e., 1.6/4 =
0.4) percentage points.14

Assumption A2 stipulates a decline in the age effect parameters among the elderly: the age
effect parameters for the age group 74–77 are no higher than those for the age group 70–73. This
assumption is represented by the red shaded area on the left panel of Figure 4. The nonlinear age
component declines between the two groups by 3.3 percentage points. Therefore, the linear age
slope is bounded above by 0.82 (≈ 3.3/4) by the assumption because a linear age slope larger than 0.82
would offset the decline in nonlinear components among older individuals, violating the assumption.

The nonlinear cohort components are plotted in the right panel. Assumption C1 asserts
that the linear cohort slope is not negative, rendering zero as a lower bound of the linear cohort
slope. Assumption C2, represented by the blue areas in the figure, requires that the 1911-1926 co-
hort group has the same or higher turnout rates than the 1947-1966 cohorts conditional on age and
period. When the linear cohort slope is greater than 0.03, the average cohort effect parameters of
the latter group exceed those of the 1911-1926 cohorts. Therefore, the assumption bounds the linear
cohort slope from above at 0.03 percentage points (see section S2 in the Online Supplement for the
derivation).

I summarize the bounds implied by each set of assumptions in Table 2.15 Notably, combining
14Since the identification power of Assumption A1 comes solely from the age groups subject to the most significant

decline, other age groups’ nonlinear components are redundant in bounding the linear slopes as long as the interval of
the most significant decline is unchanged. Assumption A1 is, therefore, effectively weaker than asserted because it only
requires that the age effect parameters do not decrease between the age groups 54-57 to 58-61.

15Section S2 in the Online Supplement explains, in more detail, how the particular bounds are derived in this study.
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Figure 4. Estimates of Nonlinear Age, Period, and Cohort Components

Age Slope (αL) Period Slope (βL) Cohort Slope ( γL)
Assumptions
A1 + A2 [0.40, 0.82] [-0.04, 0.37] [-0.18, 0.23]
A1 + A2 + C1 [0.59, 0.82] [-0.04, 0.19] [0.00, 0.23]
A1 + A2 + C2 [0.40, 0.61] [0.16, 0.37] [-0.18, 0.03]
A1 + A2 + C1 + C2 [0.59, 0.61] [0.16, 0.19] [0.00, 0.03]

Note: The slope estimates represent a change in turnout rates induced by a year increase in age, period, or cohort in terms of percentage points.

Table 2. Upper and Lower Bounds on the Linear Slopes

Assumptions A1, A2, C1, and C2 effectively point identifies all three linear slopes since the three
slopes are all restricted to intervals of a length of less than 0.03 percentage points. While it is tempt-
ing to embrace only the tightest bounds, I will explain below why caution is a better interpretative
modality. One reason can be stated now: when both C1 and C2 are maintained, the bounds appear
to be overly sensitive to the regression models’ functional form and the precision of the nonlinear
component estimates. For example, imposing the logistic function yields implausible bounds (e.g.,
an upper bound of the linear cohort slope is smaller than its lower bound) when all four assumptions
are maintained. To be cautious and remain in line with the general spirit of a partial identification
analysis, I will use only Assumption C1 or C2, but not both simultaneously, in subsequent analysis.

4.3. APC-I Model Implementation

As described, in terms of an age–period cross-classification table, the APC-I model follows a form
of two-way frequency table analysis with interactions. As such, the estimation of its parameters
and statistical inference adhere to standard procedures applicable to this type of analysis. For this
study, the R package APCI (Xu and Luo 2022) is utilized, which is designed specifically to support
the estimation and inferential processes described in Luo and Hodges (2020a). This package also
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provides additional tools for model evaluation and visualization (for a different estimation approach,
refer to Keyes and Li 2010).

4.4. Total APC Effect Parameter Estimates of the Two Methods

In this section, I compare the two methods by presenting APC-I estimates alongside the bounds
implied by the combinations of the assumptions introduced in the last section. The two methods’
age and period effect estimates align, but the cohort effect estimates differ as expected. I first discuss
age and period effect estimates before discussing the differences in the cohort estimates. I conclude
with an explanation of the APC-I estimates as if the accounting model were the true model.

Combined Results. In Figure 5, the bounding analysis is represented by the blue-shaded
regions. The APC-I estimates are presented in red. All the estimates have been scaled up by their
respective intercepts — represented by the dashed horizontal lines of the corresponding colors. The
APC-I model’s 95-percent confidence intervals are also plotted in red, though their visibility is lim-
ited due to their minimal extent (see Online Supplement Table S3 for the detailed estimates).16

The APC-I model estimates remain consistent across all three rows as they are unaffected by
the bounding assumptions. The age effect parameters display monotonic increases from the 18-21
age group to the 58-61 age group, then decrease from the 70-73 to 74-77 age group. The period effect
parameter estimates are plotted in the center column. They display trendless fluctuation from 1976
to 2000, reaching the lowest mark of 65.0 percent in 1996. Between 2004 and 2016, they appear to
oscillate around a higher local mean. In 2020, there is a notable surge in the turnout rate by 7.1
percentage points, reaching a peak at 78.8 percent. The raw increase in turnout rates from 2016 to
2020 in the analytical sample is estimated to be 7.8 percentage points. Hence, the increase suggests
that more than 90 percent of the increase from 2016 to 2020 is attributable to a period effect (i.e.,
7.1/7.8 ≈ 0.91).

Now, consider how the three rows of Figure 5 differ for the bounding analysis of the age and
period effects. Figure 5 (a), based on Assumptions A1 and A2, largely align its age and period bounds
with theAPC-I estimates. The age and period bounds aremostly consistentwith theAPC-I estimates.
Layering Assumption C1 on Assumptions A1 and A2 in Figure 5 (b) narrows the bounds. While the
general age and period patterns are similar, the post-1996 period effects in these bounds suggest
more modest increases compared to APC-I estimates. For instance, the period effect parameter for
2020 is bounded by [71.1, 76.5], which is lower than the APC-I estimate of 78.8. In Figure 5 (c), I
instead add Assumption C2 to Assumptions A1 and A2. For these estimates, the narrower intervals
include the APC-I estimates. Notably, the 2020 period effect falls between 75.9 and 80.8, which
includes the APC-I estimate of 78.8 for that year.

16Standard errors are not reported for the bounding analysis because the large sample size suggests that sampling
variations are likely small, and researchers have yet to reach a consensus on the best practices for inference on partially
identified parameters. For an overview of inference approaches for such parameters, refer to Tamer (2010).
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Note: The blue shaded areas represent the bounding analysis identification intervals. The red circles represent the APC-I model’s point estimates. The
dashed horizontal lines represent the intercepts. Survey weights augmented by adjustments for non-response (N=981,858).

Figure 5. Total APC Effect Estimates of the APC-I Model and Bounding Analysis

In contrast to the convergent evidence for age and period effect estimates, especially under
the A1, A2, and C2 assumptions, the cohort effect estimates display more variation. First, the APC-I
estimates indicate that cohort differences are generally modest. The 1910-1950 cohorts yield esti-
mates slightly above the grand mean (i.e., the intercept), while the 1960-1980 cohorts’ estimates are
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below. Estimates for the 1980s cohorts average around two percentage points higher than the grand
mean. Notably, the estimates for the two youngest cohorts show a significant increase. However, as
these cohorts are only represented in one or two elections within the dataset, these findings should
be approached with caution.

Figure 5 (a) shows that little can be inferred about the cohort effects from the bounding anal-
ysis based on Assumptions A1 and A2, given the wide implied intervals. Introducing Assumption
C1 in Figure 5 (b), the implied non-negative linear cohort slope suggests that the pre-1950 cohort
estimates are notably below the APC-I estimates. When Assumption C2 is instead imposed in Figure
5 (c), the cohort estimates appear more aligned with the APC-I estimates. In contrast to the find-
ings in Figure 5 (b), the cohort estimates before 1960 mostly contain the APC-I estimates. However,
this bounding analysis suggests lower cohort effect estimates than the APC-I model and the earlier
bounding analysis for the cohorts after 1960.

Interpretation of the APC-I Estimates from an Accounting Model Perspective. How
can we interpret the differences between the two estimates shown in Figure 5? When adopting the
traditional perspective that treats the accounting model as the data-generating model, as detailed in
Fosse and Winship (2023), we identify two primary sources of variation in the age and period effect
parameters:

1. Linear cohort slope. Within the APC-I model, where no explicit cohort term is present, both
the age and period effect parameters embed the linear cohort slope γL. The APC-I model’s
linear age component reflects the differential between the accounting model’s linear age and
cohort slopes, while the linear period component of the APC-I model includes the sum of the
accounting model’s linear period and cohort slopes.

2. Nonlinear cohort component. The age effect parameter of the APC-I model also includes parts
of the variation in the accounting model’s nonlinear cohort components that correlate with
age and are not absorbed by any of the APC-I model parameters. Likewise, the APC-I model’s
period effect parameter includes the partial covariance with the accounting model’s unique
nonlinear cohort components.

The second factor, while estimable, plays a minor role in this analysis and likely in many
others, as much of the variation in the accounting model’s nonlinear cohort components is already
integrated and distributed among the APC-I model parameters. Thus, the primary distinction be-
tween the age and period effect parameters of the two methods stems from the linear cohort slope.
This observation, for example, helps explain why the APC-I model’s age and period estimates tend
to trace the edges of the bounding analysis intervals in Figure 5 (c). Given that the cohort slope is
bounded between -0.18 and 0.03 in this analysis, these APC-I estimates align with a case where the
linear cohort slope is near zero.

The differences in the cohort effect parameters are more nuanced. The outcome variation
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captured by the accounting model’s nonlinear cohort component can be decomposed into contribu-
tions from age-period interactions and distinctive nonlinear variations in cohorts (Fosse and Win-
ship 2023). The latter encapsulates quite irregular (high-order) outcome variations in cohorts that
are unrelated to the variables in the APC-I model. As a result, the outcome variation partitioned by
the APC-I model’s age-period interactions η∗ap(c) and the accounting model’s nonlinear cohort com-
ponent γ̃c will often overlap significantly. As a result, the APC-I cohort estimates will tend to closely
resemble those of the accounting model’s nonlinear cohort estimates (Luo and Hodges 2020a:1199),
as illustrated by comparing the right panel of Figure 4 against the right panels of Figure 5.

To be sure, this comparison is made entirely from the accounting model’s perspective that
the constant underlying linear cohort effect is both defined and a parameter of fundamental interest.
Now, consider the comparison in the opposite direction: there is no theoretical basis for considering
cohort effects as containing (linear) components that are independent of, and can be separated from, age
and period effects.. This is the implicit position of the APC-I model, which I consider more carefully
in the following sections after briefly summarizing the main empirical findings below.

4.5. Summary of the Main Findings

In the wake of the historic 2020 election turnout, one objective of this article was to examine the
APC patterns of turnout in the 1976-2020 presidential elections with new data and methods. The
main substantive findings can be summarized as follows.

First, age patterns align with past research: 1) age is a strong predictor of turnout; 2) age
displays a curvilinear relationship with the turnout; 3) age effects peak when individuals are in
their sixties. Second, period effects on turnout have been increasing since the 1996 election. Period
effects increased incrementally during the two George W. Bush elections as well as Obama’s first-
term election. After slight declines in the 2012 and 2016 elections, period effects rose substantially
in 2020 to their highest level during the last 44 years. These findings are generally supported by the
two methods employed and the sets of substantive assumptions maintained.

Third, the APC-I model suggests that cohort effects are modest compared to the age and
period effects. Nevertheless, the most notable cohort effect pertains to those typically identified as
Millennials. Voters born between 1983 and 1994 had turnout rates, on average, about two percentage
points higher than what their age and period profiles would predict. For those born after 1995, the
cohort effects were even more substantial. These voters’ turnout rates surpassed predicted levels by
3.6 to 5.5 percentage points, although these estimates are primarily based on these cohorts’ partic-
ipation in the 2016 and 2020 elections. Further analysis of intra-cohort developments through the
APC-I model, however, reveals considerable variations in life-course trends among these cohorts’
turnout rates, as presented in Figure S3 in the Online Supplement.
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5. Discussion
About a decade after Ryder (1965)’s seminal theoretical development, Mason et al. (1973) introduced
the APC accounting model, which soon established itself as a prevailing APC analysis approach.
From the onset, Mason and colleagues acknowledged the model’s conceptual foundations were de-
batable, hinging critically on the assumption of additive separability of the three effect parameters:

The appropriateness of a two- rather than a three-way cohort analysis rests on the ques-
tion of whether we view age, period, and birth cohort as causally distinct in relation to
a given dependent variable (Mason et al. 1973:244).

Nonetheless, they firmly supported the need for a “three-way” model, as reflected by:

[C]ohort analyses which ignore one of the three dimensions of age, birth cohort and
time period are often unsatisfactory on substantive grounds. (p. 253)

Because a distinct causal interpretation can often be applied to age, period and cohort,
the failure to control for one of the three variables leaves results open to the possibility
of spurious effects. For these cohort problems, a three-way analysis is desirable. (p. 243)

Although initially met with some skepticism (e.g., Glenn 1976), its widespread adoption, particularly
within the field of sociology, attests to its broad acceptance among their peers and later researchers.17

This acceptance led subsequent methodological advancements to primarily focus on addressing the
model’s inherent identification problem. However, it seems researchers have been less attentive to
the theoretical ramifications of this modeling setup, particularly how the derived estimands align
with the foundational theories of cohort effects and their interpretive complexities.

As many scholars have previously noted, the accounting model’s particular parameterization
entails substantial behavioral assumptions. Specifically, within the observation interval (i.e., the
range of the periods chosen for analysis), the model assumes: 1) homogeneous marginal age effects
for all cohorts and across all periods; 2) period effects that are constant for all age groups; and 3)
cohort effects that remain unvarying across all ages and periods (Clogg 1982; Fienberg and Mason
1979; Glenn 1976; Schulhofer-Wohl and Yang 2016). These assumptions are vital as they sustain the
general structure of the model, enabling the extrapolation of the effect parameters beyond the joint
support of age and period data, thereby facilitating the estimation of APC effects that apply globally
to all studied individuals.18

Nevertheless, these constraints also introduce significant interpretational challenges. First,
they present a substantial conceptual paradox: the model presupposes that any interactions between

17For instance, Clogg (1982:460) discusses “intrinsic cohort tendencies” as cohort attributes that are “separate from
age or period effects and determined exogenously to the periods of observation.”

18In this regard, early critics, such as Glenn (1976:902), directly challengedMason et al. (1973), arguing that themodel’s
assumptions “are rarely realistic in the case of dependent variables of interest to sociologists.”
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age and period that could give rise to cohort effects are nonexistent within the observation interval,
even though it is precisely these interactions that are believed to generate cohort effects. Essentially,
for the model to remain internally coherent under these constraints, it necessitates that relevant
age-varying period experiences that later manifest as cohort effects be confined to periods before
the observation interval. Then, all age groups are, on average, expected to respond identically to
period influences during the observation interval, and cohort effects must remain constant for each
individual across different periods and ages of observation (Hobcraft, Menken, and Preston 1982).
Clearly, the plausibility of such marked behavioral discontinuities may vary by context. However,
they do pose limitations as a general framework, especially when considering the often arbitrary
selection of the starting period in relation to the outcomes studied.

To illustrate, in this study, the assumptions imply that for individuals born in 1950, the co-
hort effects are triggered by events from the 1960s to early 1970s, which they experienced, in an
age-dependent way, during their formative years. However, once these initial age-period interac-
tions surface as observable cohort effects in the data, these individuals are expected to react to all
subsequent period conditions post-1976 — the start of the observation period — in a manner indis-
tinguishable from other age or cohort groups. This expectation suggests that the formative perspec-
tives formed during pivotal moments like the civil rights, anti-war, and liberation movements offer
no valuable insights into how these cohort members might engage with later societal events, such as
9/11, theWar on Terror, or the Black Lives Matter movement, in terms of their electoral participation
(see also Morgan 2023; Morgan and Lee 2024).

Moreover, the notion of unchanging cohort effects seems to diverge from the foundational
views presented in the seminal works. For example, while Mannheim (1952:298) clearly underscores
the profoundness of “natural worldviews” formed during one’s early years, his articulation also im-
plies that these effects progressively evolve via a “dialectic” process between such rooted dispositions
and ongoing experiences with emerging societal events.19 In line with this, Ryder (1965:861) explic-
itly emphasizes the importance of examining the “intra-cohort temporal development throughout
the life cycle” as a crucial element of cohort analysis.

Acknowledging these subtleties, Luo and Hodges (2020a) presents the APC-I model as a
methodological and theoretical “critique” of the accounting model framework that more faithfully
represents the original theoretical perspectives. Central to this critique is the recognition that defin-
ing cohort effects, both conceptually and empirically, must inherently involve age-period interac-
tions, which the constant-effect parameters of the accounting model may not fully capture. There-
fore, rather than asserting the existence of pure cohort effects that are separable from age and period
influences, the APC-I model proposes that cohort effects are most accurately described as accumula-
tions of age-patterned period effects that occur throughout the life course (see also Schulhofer-Wohl

19Specifically, Mannheim (1952:298) writes: “Early impressions tend to coalesce into a natural view of the world. All
later experiences then tend to receive their meaning from this original set, whether they appear as that set’s verification
and fulfillment or as its negation and antithesis. Experiences are not accumulated in the course of a lifetime through a
process of summation or agglomerations, but are “dialectically” articulated.”
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and Yang 2016).2021 As a logical consequence of these principles, within this approach, the linear
component of a constant cohort effect parameter, as posited by the accounting model, is not only
unidentifiable but fundamentally irrelevant in modeling cohort-driven patterns of social change.

This conceptual reorientation of the APC-I model achieves three primary objectives. First, it
renders unnecessary the APC identification problem. Second, it permits age-heterogeneous period
effects and allows for the continuous renewal of cohort differences within the observation interval,
as implied by the foundational theoretical pieces. Third, as a result, it enables the APC-I model
to directly analyze intra-cohort developments throughout the life cycle, an endeavor that Ryder
recognized as critically important. Recent empirical applications of the APC-I model are leveraging
this additional functionality to generate potentially important insights in their respective areas (e.g.,
Lu and Luo 2021; Lu, Luo, and Santos 2022; Phillips 2022).

In this respect, the APC-I model could be viewed as simpler yet substantively more realistic,
aligning closer with the original theoretical intent of APC analysis. However, in this approach,
too, contemporaneous aging and period effects from before the observation interval are not directly
observed, making it difficult to disentangle the earlier marginal age and period effects from the
age-period interactions that later surface as cohort effects. Thus, the cohort-effect estimands of the
APC-I model reflect a mix of 1) age-varying period effects that accumulate within the observation
interval and 2) the intertwined age and period effects (including their interactions) from before the
observational interval that are carried forward to the initial period of observation in the data (see
Morgan and Lee 2024).22

20The interpretation of cohort effects as age-period interactions is well-established in epidemiological research, re-
flecting the field’s specific analytical aims. In contrast, the sociological approach, as demonstrated by the accounting
model, aims to understand broad societal changes or “structural transformations,” portraying cohorts or generations as
causal agents of such changes (Mannheim 1952; Ryder 1965). In this sociological framework, belonging to a particular
cohort tends to be seen as a significant “exposure” that encompasses the collective historical experiences of that group.
Meanwhile, the epidemiological viewpoint treats cohort effects primarily in terms of age-period interactions, focusing
on the impact of more local and specific incidents like pandemics, natural disasters, or major public health actions. Here,
cohorts serve more as indices that capture age-specific susceptibilities to these critical events or conditions (for a more
comprehensive discussion, see Keyes et al. 2010).

21While the APC-I model does not inherently suggest it, extending this viewpoint to its logical limit prompts an
intriguing conceptual consideration: do cohort effects represent any intrinsic causal substance (i.e., social processes)
that is ontologically irreducible to particular configurations of age and period effect? If causal primacy is assigned to
age and period and cohort effects are articulated simply as age-structured lagged period effects, one might argue that
what we refer to as cohort effects are not independent causal forces but are rooted in the foundational processes of aging
and historical context, thus offering limited unique causal contribution from the cohorts themselves. Nevertheless, even
within this reductionist view, cohorts may still serve as informative “formal variables” or “surrogate indexes” that help to
trace demographic processes influencing social change (for more comprehensive discussions, see Davis 2001; Hobcraft
et al. 1982; Morgan 2023).

22To be clear, this limitation is not inherent to the APC-I model. In the accounting model, this limitation is dealt with
by extrapolations of, say, age effects from the support of the age and period data to those whose aging processes are
directly not observed in the data.
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6. Conclusion
The broader goal of this article was to elucidate the similarities and differences between APC bound-
ing analysis and the APC-I model by applying them simultaneously in a single study, thereby pro-
viding an empirical bridge between these two principled approaches to APC analysis. Each method
demonstrates significant promise in furthering their respective facets of APC analysis, both of which
have long co-existed. APC bounding analysis provides a robust path within the conventional APC
framework in sociology. It directly confronts the identification problem, compelling researchers to
clarify and justify the assumptions crucial for extracting meaningful data.

On the other hand, the APC-I model presents an alternative approach to APC analysis, firmly
rooted in a distinct theoretical understanding of cohort effects. It regards continuously accumulating
age-period interactions as central to cohort effect estimation, thereby prompting a reevaluation of
the sometimes tricky interpretative bases of the accounting model. From a purely statistical stand-
pointwithin the traditional accountingmodel framework, theAPC-Imodel could be seen as a variant
that assumes a zero cohort slope and refines the accounting model’s nonlinear cohort components
to derive cohort effect estimates. However, the fundamental distinction between these models lies
in their foundational conceptual philosophies, not in their mathematical formulations.

For too long, the APC literature has been ensnared in the allure of purely technical advance-
ments, overshadowing the vital early insight that “atheoretical cohort analysis is a useless exercise”
(Glenn 1976:903). The introduction of methodologies that prioritize theoretical rigor marks a pro-
gressive step. By contrasting these methodologies, this study emphasizes the importance of a robust
theoretical framework to define cohort effects and a statistical approach that complements it. The
choice of methodology in APC analysis extends beyond mere statistical considerations; it demands
a grounding in behavioral theories and deep substantive knowledge. Thus, it is essential for re-
searchers to precisely define “cohort effects” and their sociological interpretations in their work,
moving away from the frequent pitfall of adhering to conventions without solid justification.

In practical terms, researchers aligned with the theoretical foundations of the accounting
model who are also seeking a principled approach to address the inherent identification issues may
find the bounding analysis particularly valuable. Alternatively, those who view cohort effects as
age-period interactions and are keenly interested in exploring intra-cohort variations may discover
significant advantages in using the APC-I model. To emphasize, it is crucial to ensure greater trans-
parency about the conceptual and theoretical bases of the methodologies used, regardless of the
chosen approach.

Given the entrenched position of the accounting model within the discipline, it appears that
sociologists have yet to fully explore the analytical possibilities presented by the broader perspec-
tive represented by the APC-I model. As innovative methods like the bounding analysis emerge to
address the identification problem, there is also a burgeoning potential to integrate distinctive in-
sights from APC literature that align with alternative conceptual frameworks (for recent examples,
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see Morgan and Lee 2024; Schulhofer-Wohl and Yang 2016). Moving forward, these developments
promise to enhance and diversify the analytical resources available for analyzing social change.

Author’s Note
Replication materials, including the code used for the analysis in this study, can be found in the
author’s GitHub repository: http://github.com/lee-jiwon/apc-turnout-smr.
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