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Abstract

Many influential observers have forecast large partisan shifts in the US electorate
based on demographic trends. Such forecasts are appealing because demographic
trends are often predictable even over long horizons. We backtest demographic fore-
casts using data on US elections since 1952. We envision a forecaster who fits a
model using data from a given election and uses that model, in tandem with a projec-
tion of demographic trends, to predict future elections. Even a forecaster with perfect
knowledge of future demographic trends would have performed poorly over this pe-
riod—worse even than one who simply guesses that each election will have a 50-50
partisan split. Enriching the set of demographics available does not change this con-
clusion. Slow demographic change, unstable group preferences, and strategic party

responses all help to explain why demography has not been destiny in US politics.
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“For a long time, we had this Obama era of politics, where demographics
would be destiny and a more diversifying nation would definitely go towards
Democrats. And that was the belief. And we’re seeing—granted, it’s still

early—that that is not what’s necessarily going to happen.”

— Lisa Lerer, The Daily, November 6, 2024,

1 Introduction

Demographics have long played a central role in Americans’ understanding of their na-
tional electoral politics. Witness, for example, the discussion of the Latino vote following
the 2024 election (Gerbaud et al., [2024; |Penal 2024} Sanchez, 2024)), the white working-
class vote following the 2016 election (Cohn, 2016;|Lamont et al., 2017; Morgan and Lee,
2018} (Carnes and Lupul [2021)), or the Catholic vote following the 1960 election (Phillips|,
1960). Supporting the prominence of these discussions, studies find that small numbers
of demographic and economic variables can explain a large fraction of the variation in the
levels and changes in party vote shares at the county level in recent decades (e.g.,|Levernier
and Barilla, 2006; Freund and Sidhul 2017; |Smith| [2021; Brown and Mettler, [2024). And
while some studies find that demographic characteristics are only modestly predictive of
voting at the individual level (e.g., [Zingher, 2014} Kim and Zilinsky, 2024}, these charac-
teristics remain tightly connected to the social and political identities that many scholars
put at the heart of US political fissures (Lazarsfeld et al., [1948; Mason, 2016; Mason and
‘Wronski, [2018)).

Demographic trends are also the main basis for long-term forecasts of US politics. Un-
like the business cycle or geopolitical events, demographics evolve somewhat predictably
even over long horizons: if we know the number of white 45-year-old men in the US to-
day, we can forecast with reasonable accuracy the number of white 49-year-old men four
years hence Combined with an observation about which groups tend to vote for which
party, demographic trends may thus offer a window into the political future. Efforts to peer

through that window go back at least to Kevin Phillips’s 1969 book The Emerging Repub-

'For discussions of the methods and accuracy of demographic forecasting, see, e.g., |(George et al.| (2004),
Booth|(2006), |Girosi and King| (2008), [Hauer| (2019), Baker et al.|(2021)), and |Petropoulos et al.[(2022).
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lican MajorityE] returned to prominence with John Judis and Ruy Teixeira’s 2002 book The
Emerging Democratic MajorityE] and continue in recent reports from the Brookings Insti-
tution and the Center for American Progress on America’s Electoral Future (Griffin et al.,
2018 2020). Such forecasts have long influenced the thinking and tactics of campaigns,
politicians, and parties, such as the Nixon campaign following Phillips, the Obama cam-
paign following Judis and Texeira, and the GOP following Obama’s reelection in 2012ﬂ

Despite their longevity, prominence, and influence, so far as we know there have been
no systematic evaluations of demographic forecasts of US elections. This gap is important
not only because political forecasting is important to political actors and market participants
(e.g., Snowberg et al.l 2007; Julio and Yook, 2012; |[Kelly et al., 2016), but also because
demographic forecasts embed a substantive hypothesis about US politics. For demographic
forecasts to perform well, demographic patterns in political preferences would need to be
stable enough to outlast demographic change. Are they?

In this paper, we backtest demographic forecasts using data on US elections from 1952
through 2020. To do this, we fit a model of voting in one election year and use that model,
in tandem with a forecast of demographic trends, to predict elections in future years. We
find that even a forecaster armed with perfect knowledge of future demographic trends
would have performed poorly over this period—worse even than one who guesses that each
election will have a 50-50 partisan split. We show that slow demographic change, unstable
group preferences, and strategic party responses all help to explain why demography is not

destiny in US politics.

ZPhillips writes, “Unluckily for the Democrats, their major impetus is centered in stagnant Northern industrial
states—and within those states, in old decaying cities, in a Yankee countryside that has fewer people than in
1900, and in the most expensive suburbs. Beyond this, in the South and West, the Democrats dominate only
two expanding voting blocs—Latins and Negroes” (1969).

3Judis and Teixeira write, “What makes it likely that a Democratic majority will emerge over the next decade?
First of all, as a result of the transition to postindustrial society, each of the McGovern constituencies will
continue to grow as a percent of the electorate. And barring a sea change in Republican politics, these
constituencies will continue to vote Democratic. Second of all, as post industrial areas continue to grow,
white working-class and professional voters in these areas are likely to converge on a worldview that is more
compatible with the Democrats than with Republicans” (2002, p. 66).

4Buchanan| (2015, p. 366) recounts how Republicans built the coalition envisioned by Philipps after 1968.
Lizza (2012) describes how the Obama campaign sought to mobilize the groups identified by Judis and Teix-
eira as part of The Emerging Democratic Majority. Following Obama’s reelection in 2012, the Republican
party identified the rise of such groups as a threat to its electoral strength and sought to adapt accordingly
(Barbour et al.| 2013| p. 7; see also Graham quoted in|Helderman and Cohen, 2012). See also |Davis| (1974,
chapter 12), |Carville| (2009} pp. 35, 148), and |Greenberg (2015, pp. 166, 170).



We fix ideas with a simple accounting framework. Each demographic group has a
propensity to vote for each party that may depend on the parties’ attributes (e.g., platforms).
A forecaster predicts the share of the electorate that each group will account for in some
future election, while assuming that each group’s propensity to vote for each party will
remain unchanged. Such a forecaster faces three pitfalls. First, demographic trends may
deviate from the forecast. Second, groups’ propensities to vote for one party or another may
change over time, even if the parties’ attributes remain unchanged. Third, the parties may
change their attributes, perhaps in response to demographic change. All of these pitfalls
are worse if demographics evolve slowly, because in that case, the pitfalls add noise atop
an already weak signal.

We next execute the forecasting task. In each presidential election year, we use data
from nationally representative samples of US voters provided by the American National
Election Study (ANES) to fit a binary logit model relating a person’s vote to their age,
gender, race, income, education, and the type of area in which they live. We use the fitted
model to predict individual vote choices in the next election based on the demographic at-
tributes of the voters in that election, and we predict future overall vote shares by averaging
these individual forecasts. We forecast the overall Republican share of the two-party vote
among survey respondents and measure forecasts’ accuracy by computing their root mean
squared error (RMSE) relative to the truth.

Our analysis stacks the deck in favor of the forecaster in several ways. First, we assume
the forecaster knows the demographics of the survey sample in the next election, akin to
perfect foresight of demographic trends. Second, we focus our analysis on the sample of
voters, akin to perfect foresight of trends in turnout in different groups. Third, we focus on
predicting the election outcome in the survey sample, so that the forecaster is not penalized
for departures between this and the official result, though we also show that our results are
not sensitive to this choice. These choices eliminate the first pitfall entirely.

Despite these many advantages, we find that our forecaster fails at their task. Fore-
casts of election results up to five elections in advance perform about as well as a naive
forecast simply guessing that the result of the next election will be the same as today’s re-
sult, and worse than predicting that every election will be an even (50-50) contest between
Democrats and Republicans. More flexible models tend to capture more demographic vari-

ation in individuals’ votes, but not to improve forecasts of future elections: forecasts re-



main poor when we incorporate an extended set of demographic covariates, allow for rich
interactions among demographic covariates using regression trees, or estimate models sep-
arately by region. Demographic forecasts likewise do not perform well in predicting con-
gressional elections or party identification.

We turn next to understanding why the forecaster fails. One overarching reason is that
demographic change is slow, such that, in most elections, the forecaster’s model predicts
very little demographically-driven change in the vote share, even over fairly long hori-
zons. However, even models that imply large amounts of demographically-driven change
perform poorly. Models estimated on county-level data tend to imply much stronger re-
lationships between voting and demographics than those estimated on survey microdata,
perhaps due to ecological fallacy (Robinson, [1950; [Freedman, |1999). When our forecaster
bases their forecast on models fit at the county level, they forecast large changes in the
vote share across elections, but these changes do not come to pass. The forecaster likewise
fails when they extrapolate recent trends in groups’ propensity to vote for one party or an-
other, even though such an extrapolation implies large demographically-driven changes in
election outcomes.

Another reason that demographic forecasts fail is that the relationship between demo-
graphic characteristics and voting varies from election to election. According to our base-
line model, the probability that an individual with given characteristics votes Republican
is highly, but imperfectly, correlated between adjacent elections, with the correlation de-
caying gradually as we move towards more distant elections. The fact that demographic
allegiances shift over time resonates with systematic evidence of changing party bases
(e.g., Zingher, 2014), as well as specific instances such as the change in the party alle-
giances of the educated (Gethin et al., 2021)) or those in the South (Black and Black, 2009;
Aistrup, |2014; | Kuziemko and Washington, |2018). Interestingly, we find even greater levels
of change in different groups’ stated positions on policy issues, suggesting that groups of
voters change not only how they vote, but also their opinions on policy issues.

A final reason that demographic forecasts fail is that the parties change their platforms
over time. Rather than passively letting forecasts materialize, the parties notice, and re-
spond to, salient demographic changes, such as the rise of the suburbs (Lassiter, 2003) or
the rising Latino share of the population (Barbour et al., 2013). To complement narrative

evidence of parties reacting to demographic forecasts, we study the relationship between



party platforms and demographic trends quantitatively. Our baseline model implies that,
on net, demographic change has moved the country to the right over the period we study.
Data on party platforms from the Manifesto Project shows that the parties have moved
to the right, too. Looking across issues, we find that the parties systematically move in
the direction predicted by demographic change. Interestingly, however, we also find that
demographic forecasts of voter issue positions do not tend to pan out, suggesting either
that the parties are reacting to trends that never manifest, or that voters’ self-reported issue
positions are not a reliable guide to trends in their attitudes.

The principal contribution of our paper is to show that, over the period we study, elec-
tion results did not reliably follow demographic trends, and to unpack why. Several limita-
tions are worth noting. First, we focus on the postwar United States, which has been char-
acterized by fairly competitive national electoral politics, particularly in recent decadesﬂ
Second, and relatedly, we focus on making statements about how a forecaster would have
performed over the period we study, not how such a forecaster will perform in the futureﬂ

Our findings contribute to two main literatures. The first is a literature on the role of
demography in shaping electoral politics and public policy. Zingher| (2014)) finds that the
demographic composition of party bases has shifted over time in the US; Glaeser et al.
(2003)), Kuziemko and Washington| (2018)), Gethin et al. (2021), and Longuet-Marx| (2025))
all document changes in particular relationships between sociodemographic characteris-
tics and voting. Several papers show that when the composition of the electorate changes,
so does public policy (e.g., Miller, |2008; |Cascio and Washington, 2014} Fujiwara, 2015)).
Our findings likewise suggest that party platforms respond to demographic shifts over long
horizons. These findings add new long-term evidence about an important question typi-
cally examined with shorter-term data: whether shifts in candidates’ and parties’ positions
precede or follow changes in public opinion (e.g.,/Zaller, [1992; |Adams, 2012; Enke, 2020;
D1 Tella et al.| [2023)).

The second is a literature on election forecasting. On the horizon of weeks or months,
elections can be usefully forecast with polling, survey, or prediction market data (Camp-
bell, [ 1996; Wlezien and Erikson, 2002; Berg et al., [2008; |[Erikson and Wlezien, |2012; Jen-

3The Economist observes that, over this period, “Even profound changes in what it means to be a Democrat
or Republican seem to return the parties to their equilibrium, as though obeying some thermostat” (2023a)).
See also |Gelman! (2014).

6See |Grimmer et al.|(2024) for a discussion of the difficulty of evaluating forecasting methods.
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nings et al., 2020; Camatarri, 2024). On the horizon of quarters or years, elections can be
forecast with economic trends (Fair, |1978;; |Rosenstone, |1983; [Lewis-Beck and Rice, |[1984;
Abramowitz, 1988} Gelman and King, 1993} Lewis-Beck, 2005; |[Fair, [2009; Kaplan et al.,
2012; Chernov et al., 2025). To our knowledge, demographics are the main modern basis
for forecasts that stretch over entire election cycles. We find that such forecasts would not
have been a useful guide to future election results in the postwar United States.

The remainder of the paper is organized as follows. Section [2]lays out our accounting
framework and uses it to define the pitfalls of demographic forecasts. Section [3] describes
the data we use in our analysis. Section [l describes our methods for forecasting and evalu-
ation. Section [5]describes our findings on forecast accuracy. Section [6]unpacks the reasons

why demographic forecasts perform poorly over the period we study. Section [/|concludes.

2 Demographic Forecasting and Its Pitfalls

Here we define demographic forecasting, and its pitfalls, in a simple accounting framework.
We imagine a two-party election with parties j € {L, R}. Each party j has some attributes
x; € X, which might include, for example, the parties’ positions on different issues. The
electorate is divided into G groups indexed by g, which might consist of, for example,
demographic categories (e.g., college-educated white men in their 40s). A voter in group
g votes for party R with probability p, (x) € [0, 1], which may depend on the attributes
x = (xp,xr) of the two parties, as well as, implicitly, the preferences of the group’s

members. Each group g comprises a share n, of voters, so that

G
V= Z ngpy (x)
g=1

is the expected share of the total vote going to party R.

Suppose that a forecaster believes that, in some future election, each group g will com-
prise a fraction 7, of voters. If the forecaster expects the behavior of the groups, and of the
parties, to remain unchanged, then their forecast of the share of the vote going to party R
is given by

V= Zﬁgpg (x).

g=1



We can think of V as a pure demographic forecast because it envisions that the only change
between the current and future elections will be in the composition of the voting population.

We will focus on pure demographic forecasts in our empirical analysis. Pure demo-
graphic forecasts correspond to baseline forecasts in |Griffin et al. (2018, see Table 2 and
Figure 2) and |Griffin et al.| (2020, see Table 3 and Figure 5)[] Of course, a forecaster might
combine a forecast of demographic trends with a forecast of other trends, for example,
trends in groups’ support for each party Although not our focus, we will consider some
particular examples of such forecasts in our empirical analysis.

To measure the extent to which the forecaster expects demographics to change the vote
share, we can define the forecast shift V — V. When the forecast shift is small, demo-
graphic change alone is forecast to have only a small effect on the vote share. We will use
the forecast shift in our empirical analysis to compare the extent of forecast demographic
change across different forecasting models.

To evaluate the quality of the forecast V, we can compare it to the realized outcome in
the future election. Suppose that, in this future election, the parties have attributes x* € X
and that group g, now comprising share ny of voters, votes for party 2 with probability

p; (z*). We then have that the expected share of the total vote going to party 1 is

Z ngpg (o

The error V —V* measures how far above or below the realized outcome is the demographic

forecast. We can decompose the error as

1= 2 g ) )+ D () =9 () D (7 () = 9} (07)

=1 g=1

Vv
demography voters parties
ey

where the first term measures the error in the demographic forecast, the second the change

in voters’ behavior, holding party attributes fixed, and the third the change in party at-

7Such forecasts are also in the spirit of Phillips| (1969) and Judis and Teixeiral (2002)), though these books do
not make quantitative forecasts.

8Griffin et al.| (2018) and |Griffin et al/| (2020), for example, consider various scenarios for how different
groups will vote in the future.



tributes, holding voter behavior fixed.

Equation () illustrates the three pitfalls of pure demographic forecasts of elections. The
first pitfall is that the forecast demographic trends do not come to pass. In our empirical
analysis, we will model a forecaster who has perfect foresight of future demographic trends,
and thus avoids this pitfall altogether.

The second pitfall is that voter behavior changes. In our empirical analysis, we will
study changes over time in how different groups of voters vote, and in the issue positions
they express.

The third pitfall is that party attributes change. Canonical models of political competi-
tion (Hotelling, [1929; Downs, 1957} Becker, |1958) tell us to expect such changesﬂ In our
empirical analysis, we will study how changes in party positions relate to changes in voter

demographics.

3 Data for Demographic Forecasting

We conduct our main analysis on US presidential elections from 1952 through 2020. We
collect data on the voting and demographic characteristics of the electorate. This section
describes the sources and definitions of these variables as well as those used in additional

analyses.

3.1 Data for Main Forecasting Exercises

Our main analysis uses data from the American National Election Study (ANES) Time
Series Cumulative Data File (2022). These data have the advantage of covering a nationally
representative sample of US voters over a long time period. The sample includes between
811 and 6119 voters, depending on the election year. All of our analyses use the survey
weights recommended by the data providers to ensure representativeness.

We measure voting with the respondent’s self-reported vote in the most recent presi-
dential election. We include in our main analysis only those respondents who report voting

for the Democrat or the Republican candidate (instead of not voting, voting for another

Online Appendix |Al shows that, in a symmetric model of party competition for votes, we can expect that
V = V* = 1/2, and therefore any forecast V' # 1/2 will be systematically wrong.
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candidate, or not giving a valid response to the question). For comparison, we also obtain
official election results for our sample periodm

We define two sets of demographic covariates for our analysis. Here we describe these
covariates briefly; Online Appendix Table [I] provides more details.

The main demographic covariates are age (in 10-year bins), gender, and race (white,
Black, Hispanic, or other), which are primary demographic characteristics; education (less
than high school, high school, college or more) and income (in terciles), which account for
socioeconomic status; and urbanism, which accounts for differences between rural and ur-
ban areas We selected these variables as they are demographic characteristics known to
be strong correlates of voting behavior (e.g., Campbell et al., 1960; Wolfinger and Rosen-
stonel, [1980; Brady et al., |1995}; |Alesina and La Ferrara, 2005} [Scala and Johnson, [2017;
Gimpel et al., 2020).

The extended demographic covariates include the main demographic covariates as well
as the respondent’s Census region, labor force participation (in labor force either work-
ing or seeking work, homemaker, student, or retired), occupation group (professional and
managerial; clerical and sales worker; skilled, semi-skilled, and service worker; laborer;
farmer, forestry, and fisherman; homemaker), religion (Roman Catholic, Protestant, Jew-
ish, or other), religious participation (three categories based on frequency of attendance),
marital status (never married, married, or previously married), whether the respondent is
foreign-born, and whether the respondent’s parents are foreign-born. The extended demo-
graphic covariates also use finer categories for age (replacing 10-year bins with 5-year bins)
and race (adding categories for Asian and Native American). We selected these variables as
they often appear in analyses of voting behavior (e.g.,[Raymond, 201 1}; \[Economist, 2018;
Zingher, 2020; Bellettini et al., 2023; Kim and Zilinsky, 2024) and were also recorded rel-
atively consistently by the ANES even though some (such as occupation) are unavailable
in some years.

All demographic covariates enter our analysis as category indicators (“‘one-hot-encodings”).

We explore specifications that allow rich interactions among these. Our analysis sample ex-

10These are from the History, Art & Archives, U.S. House of Representatives (2021)) for 1952-1972 and from
the MIT Election Data and Science Lab|(2017) for 1976-2020.

"'We define urbanism based on whether the population density of the respondent’s congressional district is
low (below 1,000 people per square mile), medium (from 1,000 to 2,000 people per square mile), or high
(2,000 or more people per square mile). We obtain data on the population density of congressional districts
from Ferrara et al. (2022;2024)).
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cludes any respondent for whom data are missing on any covariate. We show the sensitivity
of our findings to including these respondents and treating missing values as a distinct co-

variate category. Online Appendix Table 2| reports the frequency of missing data.

3.2 Data for Additional Forecasting Exercises

We conduct a number of additional forecasting exercises. In one additional exercise,
we repeat our main analysis using county-level data on voting and demographic covari-
ates through 2020. We select county-level demographic covariates to match the main
individual-level demographic covariates as closely as possible. Online Appendix |C| de-
scribes the sources and definitions for the variables we use in this extension.

In a separate additional exercise, we repeat our main analysis focusing on voting in
congressional elections. We study voting in congressional elections in both presidential
election years and midterm election yearsE]

In a third additional exercise, we repeat our main analysis focusing on self-reported
party identification rather than voting. Party identification is highly predictive of vote
choice and reflects people’s ideological orientation and political views (e.g., Berelson et al.,
1954; Bartels, 2000; |Green et al., [2002; |Gerber et al.| 2010)E] Therefore, we do not in-
clude this variable as a demographic covariate and treat it instead as an alternative outcome

to vote choice[™]

3.3 Data on Voter and Party Issue Positions

Motivated in part by the framework in Section [2, we study how parties respond to demo-
graphic change. To measure parties’ positions, we use data from the Manifesto Project
(Lehmann et al., |2023)), which provides consistent measurement over our sample period.
The project makes available a measure of each party’s position on a left-right scale given

by the difference between the shares of right-wing and left-wing sub-sentences in the given

12The ANES Time Series file includes respondents’ self-reported voting in midterm election years from 1958
through 2002.

13We classify respondents as identifying with either the Republican party or the Democratic party, excluding
those who identify with neither. We classify respondents who report being independent but closer to one of
the two major parties as identifying with that party; Online Appendix Table E]provides more details.

!4In additional sensitivity analysis, we forecast the Electoral College outcome, using data on the Electoral
College from [CQ Press| (2025), with minor adjustments based on other public sources.
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party’s platform in the given election yearE] A measure of zero means the platform includes
equal numbers of both types of sub-sentences.

We are also interested in the positions that parties and voters take on individual issues.
We identified 11 issues for which it is possible to measure parties’ positions in the Man-
ifesto Project database and on which the ANES has conducted consistent surveying for a
large portion of our sample period. These issues are environmental protection, government
strength, internationalism, labor, law and order, market regulation, military, minority rights,
protectionism, traditional morality, and welfare. Online Appendix Table [4] details how we
assign these issues to topics coded in the Manifesto Project and to survey questions in the
ANES.

To measure each party’s position on each issue in each election year, we take from the
Manifesto Project the difference in the proportion of right-wing sentences on the issue and
the proportion of left-wing sentences on the issue in each party’s platform. To measure
each ANES respondent’s position on each issue, we construct an indicator equal to one
when the respondent expresses the traditionally right-wing position on the given issue, and
zero otherwise. Online Appendix Table 4] additionally describes measures of the emphasis
on each issue in party platforms, and the importance assigned to each issue by voters, which

we use in sensitivity analysis.

4 Methods for Forecasting and Evaluation

Here we lay out our methods for forecasting and evaluation. Where possible, we follow

notation analogous to that in Section 2]

4.1 Models and Methods for Forecasting Elections

For concreteness, we describe our methods for the application to survey microdata as in our
main analysis; analogous concepts apply in our analysis of aggregate data. Let v; € {0, 1}
denote whether respondent ¢ reports voting Republican in election year ¢. Let d;; be a

vector of demographic indicatorsE’-]

5This measure is called the right-left or “rile” index and is commonly attributed to Laver and Budge|(1992).

16To connect these to the framework in Section [2} let each group g € {0, l}dim(d)
combination of these indicators.

represent one possible
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The first step is to specify and estimate a model of contemporaneous voter behavior in

each election ¢. Given a vector of covariates d;;, we can write any such model as
Pr (Uz't = Hdit) =Pp (dit; 9t) )

where p (+;-) is a function known up to the election-specific parameter 6;, which may im-
plicitly depend on aggregate factors such as the parties’ attributes x. In our main analysis,
we assume that p (-; -) is logistic and estimate 6, via maximum likelihood In additional
analyses, we assume that p (+;-) is an average of regression trees and estimate ; via the
random forest algorithm

The next step is to extrapolate the model of voter behavior in election ¢ to forecast the
election at some horizon h > 0, i.e., in some future election year ¢ + h. Given an estimate
ét of the parameter ¢;, we can use the model to forecast the probability p (di7t+h; ét> that
a given respondent to the survey in election year ¢t 4+ h votes Republican in that yearm
Taking a sample average of these probabilities yields a pure demographic forecast \A/t7t+h of
the Republican share of the two-party vote in election ¢+ h, formed based on voter behavior
in election ¢.

The forecast Vt,Hh entirely avoids the first pitfall described in Section 2| Because the
sample of survey respondents in election ¢ + h is representative of the contemporaneous
population, the average Vuwh of their predicted votes accounts for all of the changes in
demographic covariates between elections ¢ and ¢ + h, for example due to aging, changes
in education levels, changes in racial and ethnic composition, etc. Moreover, because we
focus on a sample of voters, the forecast automatically accounts for changes in turnout
among different groups. Notice, in particular, that this means that the forecast accounts for
changes in the share of voters in a group (e.g., women) whose share in the full population

does not change much over time.

7When all respondents in a given covariate category vote for the same party, we exclude respondents in that
category from maximum likelihood estimation, and use their empirical frequency of voting Republican as
the prediction function. In sensitivity analysis, we present results where we instead estimate via penalized
maximum likelihood using the Jeffreys prior penalty suggested by Firth (1993; see also Mansournia et al.,
2018; [Kosmidis and Firth} [2021)).

8We optimize the maximum depth and bag size of the random forest algorithm for each year to minimize
mean squared error estimated using 10-fold cross-validation.

19To ensure that this calculation is well-defined, for the purpose of estimating 6;, we include in d;; only those
covariates that are available in all elections ¢, + 1, ... for which we calculate a demographic forecast.
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4.2 Measuring Forecast Performance

We can evaluate a given forecast %Hh by comparing it to the realized Republican share
of the two-party vote in election ¢ + h , which we denote by V7 ;. For our main analysis,
we take V%, to be the Republican share of the two-party vote among survey respondents.
Focusing on this measure avoids penalizing the forecast for differences between survey-
based and official election results due, for example, to survey misreporting (e.g., ‘Wright,
1993} |Atkeson, [1999). For completeness, we also present results based on official election
returns ]

To measure forecast performance, recall from Section [2]that the error of a given forecast
‘A/t,Hh is its difference from the realized result, Vt’t% — V% ;- To summarize the magnitude

of the error across multiple elections, we calculate the root mean squared error (RMSE),

1 R 2
\/W Z (V},,Hh - Vtih> )

teTy,

where the average is taken over the set 7} of election years for which we observe the
realized result at horizon h. The RMSE is a standard metric of performance for point
forecasts (e.g., Hewamalage et al.,|[2023).

Because perfect forecasting is infeasible, it is helpful to compare the RMSE of a given

set of forecasts to that of a feasible alternative. One feasible alternative is to predict that

*

+
in election ¢, i.e., to take ﬂ7t+h = V;*. We refer to this benchmark as the current forecast.

the realized election result V", ; in election ¢ + h will be the same as the realized result V,*

Another feasible alternative is to predict that every election will be an even contest, i.e., to

take VtHh = 0.5. We refer to this benchmark as the even split forecast.

4.3 Diagnostics and Quantification of Uncertainty

We compute two additional diagnostics to help interpret model performance. The first
diagnostic is a measure of how well the fitted model captures individual voting behavior in

the election year on which the model is estimated. For a given sample / of respondents in

200nline Appendix Figure |1| shows the relationship between the official and survey-based measures of the
Republican share of the two-party vote for the elections in our main sample.
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election ¢, the RMSE of the model’s fit to individual respondents’ votes is

[rE Cmrlac))’

We estimate this RMSE using 10-fold cross-validation to guard against overfitting. We

define a given model’s within-election error as the ratio of this estimated RMSE, averaged
across elections, to the counterpart for a constant model that fits each respondent’s vote
with the sample mean vote in the same electionEr] When the within-election error is one,
the model in question fits respondents’ votes no better than the constant model. When the
within-election error is zero, the model in question fits each respondent’s vote perfectly. In
either case, the model in question may or may not successfully forecast future elections.
The second diagnostic is a measure of how much the fitted model tends to predict that
the two-party vote share will change between elections due to demographic change. As of
election ¢, at horizon h, a given model predicts a demographic shift in the Republican share
of the two-party vote of (Vtﬁh — f/t,t>, where Vt,t is the model’s prediction for the two-
party vote share in election ¢, typically equal to the realized vote share V;*. We summarize
the magnitude of the demographic shifts predicted by a given model, at some given horizon

h, by their root mean square,

1 R N2
i1 2 (Vs = Vie)
h teTy,

When the root mean square shift is zero, the model predicts that the changes in demograph-
ics between elections ¢ and £+ h will not change the Republican share of the two-party vote.

For all quantities that depend on the survey sample, we communicate uncertainty by
reporting a 95 percent posterior credible interval based on 1000 replicates of a Bayesian
bootstrap procedureF_Z] A 95 percent posterior credible interval contains the true value of
the given quantity with probability 0.95 under a given posterior distribution. In this case,

the true value is the one that we would calculate if the ANES had surveyed the entire US

21 That is, the constant-only model fits v;; with ﬁ Zie I

22For each replicate, we draw Dirichlet-distributed weights for all survey respondents, calculate the product
of these weights with the provided sampling weights, and recalculate all survey-dependent statistics using
the resulting weights.

Vit.
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population, and the posterior distribution corresponds to a particular class of uninformative
Dirichlet process priors (see, e.g., Rubin, |1981}; |Gasparini, |1995; Chamberlain and Imbens,
2003; Andrews and Shapiro, |2025). Importantly, and consistent with our aim of backtesting
demographic forecasts, when we communicate uncertainty about forecast performance, we
are communicating uncertainty about how a given forecast would have performed over our
sample period, rather than about how that same forecasting method will perform in the

future.

5 Evidence on the Performance of Demographic Forecasts

In this section we lay out our findings on the performance of demographic forecasts in our
main specification and many additional specifications. We defer issues of interpretation
to later sections. We focus in the main text on visual summaries of our findings; Online

Appendix Table [3] gives more precise magnitudes for the plotted values.

5.1 Main Findings

Figure [I] presents our main findings on the performance of demographic forecasts of US
presidential elections. The plot in Panel [(a)| of Figure [I] presents the results from our main
specification. The plot consists of three sections, one describing the performance of bench-
mark forecasts, the next describing the performance of demographic forecasts, and the last
providing diagnostics for the forecasting models.

The first section of the plot describes the performance of our two benchmark forecasts.
Recall that the current forecast predicts that the two-party vote share in the next election
will be the same as in the current election. The RMSE of the current forecast is therefore
both a useful benchmark of forecast performance and a direct measure of the variability
of vote shares between elections. We normalize the RMSE of the current forecast of the
next election to one, and normalize the RMSEs of other forecasts by dividing them by the
RMSE of the current forecast of the next election. Recall also that the even split forecast
predicts that all elections including the next have a two-party vote share of 0.5. The even
split forecast therefore does not depend on the forecast horizon. The even split forecast

achieves a lower RMSE than the current forecast, indicating a better forecast.
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The second section of the plot describes the performance of our main demographic
forecasts which are based on a logit model using the main demographic covariate set. The
plot reports the RMSE of these forecasts one, two, three, four, and five elections in advance.
At a one-election horizon, the demographic forecast performs about as well as the current
forecast, and 22.1 percent worse than the even split forecast. At longer horizons, forecast
performance is no better. The shaded regions represent 95 percent credible intervals from
the Bayesian bootstrap. These intervals all include performance worse than that of the
current forecast, and exclude performance as good as the even split forecast.

The third section of the plot describes the diagnostics. The within-election error is 6.9
percent lower than that of a constant model that fits each voter’s vote with the sample mean
vote in the same election, indicating that the logit model has modest but nontrivial fit to
individual voting behavior in the election in which it is estimated. The average shift at a
one-election horizon is about 12.6 percent of the RMSE of the current forecast, indicating
that the model predicts that demographics cause fairly small changes in the two-party vote
share between elections. Both of these quantities are quite statistically precise, the within-
election error so much so that its credible interval is almost invisible.

The plot in Panel [(b)] of Figure [I] presents the results when we define forecast accu-
racy relative to the official election result, rather than to the realized survey result. The
conclusions are qualitatively the same as in our main specification. The even split fore-
cast performs even better in this case than in our main specification, leading to a larger
performance gap between the demographic forecasts and the even split forecast.

The plot in Panel [(c)| of Figure [I] presents the results when we include in the analysis
only open-seat elections. Because these elections do not have an incumbent on the ballot,
votes may depend more on party preferences than on evaluations of the incumbent’s per-
formance, potentially increasing the impact of long-run demographic trends. Demographic
forecasts perform even more poorly in this set of elections than in the main specification.

Online Appendix Figure[2]compares forecast performance in the first half of our sample
period (from 1952 to 1984) to that in the second half of our sample period (from 1988 to
2020). Elections were easier to forecast in the second half of our sample period, in part
because many elections were close to an even split. Even in the second half of our sample

period, though, demographic forecasts do not convincingly outperform our benchmarks.
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5.2 Findings from Richer Predictive Models

Figure 2] presents our findings on alternative forecasts based on richer demographics. Panel
[(a) of Figure [2] repeats the results from our main specification. Panel [(b)] presents results
when we use the richer, extended set of demographic covariates. Including these additional
covariates does yield improvements in within-election performance, reducing the within-
election error by 5.9 percent relative to the model in Panel Including these additional
covariates does not yield a clear improvement in forecast accuracy, however.

Panel of Figure [2| presents results when we keep the richer set of demographic
covariates and replace the logit model with an average of regression trees estimated using
the random forest algorithm. This richer specification reduces the within-election error by
a further 6.4 percent relative to the model in Panel [(b)] but again, does not improve forecast
accuracy.

To summarize, even a model that performs 18 percent better than a constant-only model
in fitting individual voting within an election performs no better than the current or even-
split forecast in forecasting future elections. Moreover, enriching the models to improve
within-election fit does not tend to improve their forecasting performance.

Online Appendix [D] presents additional results that further probe in this direction. To
allow for regional heterogeneity, Online Appendix Figure 4] shows results where we en-
rich our main specification by allowing the main demographic covariates to have different
coefficients for different Census regions. This change reduces the within-election error rel-
ative to the main specification, but does not yield any meaningful improvement in forecast
accuracy. To guard against bias and overfitting, Online Appendix Figure [5] re-estimates
both our baseline specification and our specification with the extended set of demographic
covariates using penalized maximum likelihood with either a Jeffreys (Firth) or L1 (lasso)
penalty. Forecast accuracy is not improved relative to our baseline specification. Finally,
because incorporating more demographic covariates creates more scope for missing data,
Online Appendix Figure [6] shows that our main results are also not sensitive to alterna-
tive ways of treating respondents for whom we are missing information on one or more

demographic covariates.

230Online Appendix Figure [3|shows the relative importance of each demographic factor to the within-election
performance of the model in the specification of Panel
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5.3 Findings for Alternative Outcomes

Figure [3] presents our findings on the performance of demographic forecasts of alternative
outcomes: vote shares in congressional elections, and party identification. Panel [(a)] of
Figure [3| repeats the results from our main specification. Panels |(b){ and |(c)| present results
for forecasting the Republican share of the two-party congressional vote in presidential and
midterm election years, respectively. In contrast to the results for presidential elections, for
congressional elections, the current forecast tends to outperform the even split forecast,
particularly in midterm years. The Democrats controlled the House from 1952-1992, after
which it was frequently controlled by Republicans. The current forecasting model matches
this pattern much better than does an even split. However, in both presidential and midterm
years, the demographic forecasts of congressional elections tend to perform no better, and
often worse, than the current forecast.

Panel [(d)| of Figure [3] presents results for forecasting the Republican share of self-
reported party identification. Demographic forecasts again perform no better than the cur-
rent forecast. Here we replace the even split benchmark with a 40-60 benchmark, reflecting
the traditional numerical advantage of the Democrats in two-party identification (e.g., Con-
verse et al., [1961, p. 274; see also |Burden and Klofstad, 2005). The 40-60 split performs
slightly worse than the current forecast and, at many horizons, better than the demographic
forecast.

Online Appendix Figure [/| presents results for forecasting the Republican share of the
Electoral College. Demographic forecasts are no better, and often worse, than the current

forecast, and meaningfully worse than the even split forecast.

6 Interpreting the Failure of Demographic Forecasts

6.1 Small Demographically Driven Shifts in Vote Shares

One clue to the poor performance of demographic forecasts is in the small value of the shift
reported in Panel |(a)| of Figure |I} The estimated shift implies that, between adjacent elec-
tions, demographic change alone is forecast to shift the Republican share of the two-party
vote by only 12.6 percent of the RMSE of the current forecast. The RMSE of the current

forecast, in turn, measures the variability in the vote share between adjacent elections.
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Panel [(a)| of Figure []illustrates the implications of the small estimated shift. The plot
shows the realized election result, current forecast based on one election prior, and demo-
graphic forecast based on one election prior (using our main specification). Because the
shift is small, the demographic forecast deviates little from the current forecast. The plot
also shows the difference in error between the current and demographic forecasts. Because
the demographic forecast is not systematically closer to the realized vote share than the
current forecast, the demographic forecast performs no better than the current forecast.

Intuitively, the shift reflects both the pace of demographic change and the strength of the
estimated relationship between demographics and voting. Perhaps if we look over a period
with larger demographic change, or estimate a predictive model that implies a stronger
relationship between demographics and voting, demographic forecasts will perform better.

To see how demographic forecasts perform when demographic change is larger, we can
extend the forecasting horizon. Panel[(b)|shows the realized election result, the result from
three elections prior, and the demographic forecast based on three elections prior. At a
three-election horizon, the demographic forecast is more different from the past election
result than at a one-election horizon, though the two remain similar If anything, though,
the demographic forecast performs worse over the longer horizon (see again Panel [(a)] of
Figure ).

To see how demographic forecasts perform when the predictive model implies a stronger
relationship between demographics and voting, we can estimate the predictive model on ag-
gregate data. We use county-level data to fit a logistic regression of the Republican share
of the two-party vote on a vector of population shares analogous to the individual-level
demographic covariates that we use in our main specification. Past evidence suggests that
such a model will imply large explanatory power for demographicsE]

As expected, the county-level logistic regression tends to imply a stronger relation-
ship between demographics and voting than does our main specification. For example, in
2020, the county-level logistic regression implies that changing all adults from high-school
graduates to college graduates would have reduced the Republican share of the two-party

vote by 73 percentage points, as against 22 percentage points for our main speciﬁcation

24The root mean square shift is 25 percent greater at a three-election horizon than at a one-election horizon.

25Again see, for example, [Levernier and Barillal (2006), |[Freund and Sidhu|(2017), [Smith| (2021}, and |Brown
and Mettler (2024).

26For changing all adults from high-school graduates to college graduates, across all elections, the average
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Such differences are in line with the literature on ecological fallacy (e.g., Robinson, 1950;
Freedman, |1999), which notes that sorting of individuals across areas can lead to aggregate
relationships that are much stronger than their individual-level counterparts.

The county-level logistic regression implies a shift of 66.4 percent of the RMSE of
the current forecast, which is much larger than the 12.6 percent estimated in our main
specification’] Panels [(c)| and [(d)] of Figure [4] illustrate the size of the shift by plotting
the analogues of Panels |(a)| and but using the county-level regression as the predictive
model. We see that the county-level logistic regression implies large demographically-
driven changes in the two-party vote share even on a one-election horizon, and even larger
changes at a three-election horizon.

Because these large changes do not manifest in the realized election results, forecasts
based on the county-level logistic regression perform poorly. Panel (b) of Online Appendix
Figure [§ reports that forecasts based on the county-level logistic regression perform con-
sistently worse than both the current and even split forecasts, with an RMSE more than 3.2
times that of the current forecast at the longest horizon we consider[”

To summarize, demographic forecasts perform poorly even—and perhaps especially—when
they imply large demographically driven changes in vote shares. Small implied shifts are
therefore only part of the story of their poor performance. To understand the rest, we turn

to the second two pitfalls highlighted in Equation (TJ).

6.2 Changing Voter Behavior

The second pitfall highlighted in Equation (I)) is changing voter behavior, defined as a
change in groups’ propensity to vote Republican, holding party attributes fixed.
To study this pitfall, we construct a measure of the stability of the function p (d; )

across elections. Specifically, we calculate the correlation between p (dit; ét> and p (dit; ét%)

ratio of the absolute change between the county-level and individual-level models is 3.2. For changing all
adults from urban to rural residents the average ratio is 0.6 and for changing all adults from male to female
itis 33.8.

?’Similarly, the county-level logistic regression has a within-election error 33.1 percent below that of a
constant-only model, as compared to 6.9 percent for our main specification.

Z8Panel (c) of Online Appendix Figure presents results from a different approach to forecasting with aggre-
gate data. There, we mimic a forecaster who has perfect foresight about the population of each US county
and believes the two-party vote share will remain stable over time within counties even as voters migrate
between counties. This forecaster performs no better than the current forecast, and worse than the even split
forecast.
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for different elections ¢ and horizons h, and take the average correlation at each horizon h
as our measure of the stability of the function at that horizon. To gauge the importance of
the richness of the demographic covariates, we calculate the correlation both for the pre-
dictive model using the main demographic covariates and for the predictive model using
the extended demographic covariates.

Panel [(a)| of Figure [5|shows our findings. The correlation for the current election, hori-
zon h = 0, is mechanically one Voter behavior changes meaningfully at a horizon of
one election, with correlations of 0.82 (using the main demographic covariates) or 0.77
(using the extended demographic covariates) at that horizon. The correlation declines more
gradually as we move to longer forecasting horizons, reaching values of 0.72 and 0.67,
respectively, at a five-election horizon. The correlation is consistently lower for the model
using the extended demographic covariates than for the model using the baseline demo-
graphic covariates.

These findings suggest several reasons why demographic forecasts are poor. One is
that the relationship between demographics and voting is partly transitory, changing mean-
ingfully even between adjacent elections. Another is that, even apart from this transitory
component, the relationship tends to be less stable at longer forecasting horizons. And a
third is that the relationship is less stable when we use richer demographic covariates, sug-
gesting a tradeoff between the richness of the predictive model and the usefulness of its
predictions.

A limitation of the evidence in Panel |(a) of Figure|3|is that the function p (d; ) implic-
itly depends on both the behavior of voters and the attributes of parties, which may enter
the function indirectly via the parameter ¢;. One way to limit the role of the parties is to
model issue positions rather than Votingm To do this, we estimate versions of our pre-
dictive models but treating as the outcome variable the respondent’s position (right or left)

on each of a set of policy issues. We again calculate the correlation in the predicted val-

The correlation at horizon h = 0 is inflated by overfitting. In practice we find that the effect of overfitting
is small, with a correlation at horizon h = 0 of 0.98 (main demographic covariates) or 0.97 (extended
demographic covariates) when calculated using 10-fold cross-validation.

30Changes in party positions may lead voters to change which party they identify with and which candidate
they vote for while leaving their own issue positions unaffected (Downs, |1957; Jacksonl [1975} |Fiorina,
1981} [Franklin and Jackson| [1983). In practice, the relationship between voters’ issue positions and party
identification runs both ways (Campbell et al., 1960; (Converse and Markus, |1979; (Gorenl 2005; |(Converse,
2006} IBroockman and Butler, [2015; |Highton and Kam, [2016)).
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ues over different elections and horizons, and, for each horizon, average these correlations
across elections and then across issues.

Panel [(b)] of Figure [5] shows our findings. We find that, if anything, the relationship
between demographic covariates and issue positions is less stable than the relationship
between demographic covariates and voting. This suggests that the instability of the rela-
tionship between demographic characteristics and voting is not simply a result of changing
party attributes, but rather reflects a more fundamental instability in the political orientation
of different demographic groups.

A forecaster aware of this instability might seek to address it by using a more so-
phisticated forecast. We consider two sets of experiments in that direction. In the first
set of experiments, the forecaster assumes that the future value of 6; will be given by
the average estimated value of #; over the current and K most recent elections, so that
ét+h = % Z?:o 0,_s. These experiments address the transitory nature of the relationship
between demographics and voting by averaging over multiple elections. In the second set
of experiments, the forecaster assumes that the value of 6, will evolve linearly in the future,
and estimates the rate of change based on the difference (ét — ét_k> between the current
estimated value and its value in the k" preceding election. These experiments address the
evolving nature of the relationship between demographics and voting by extrapolating a
trend from past elections.

Online Appendix Figure [0] presents the results of these experiments. We find that the
first set of experiments improve the forecasts marginally at best, and the second set of
experiments make them worse.

To summarize, changing voter behavior appears to be an important pitfall of demo-

graphic forecasts. And, it is not one that a forecaster can easily avoid.

6.3 Changing Party Attributes

The third and final pitfall highlighted in Equation (1)) is changing party attributes. Classical

models of electoral competition imply that, if parties are sufficiently responsive to voter

demographics, demographic forecasts will fail systematically (see Online Appendix [Al).
There is good evidence that the parties respond to changing voter demographics, and

even to forecast changes. In the Emerging Republican Majority, Phillips (1969) argued
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that the rise of the suburbs would benefit the Republicans. |Grohsgal and Kruse| (2019)
describe how Phillips influenced the Nixon campaign, and Lassiter (2003) documents that
both parties responded to the rise of the suburbs, with the Democrats in particular ultimately
repositioning themselves to appeal to suburban votersE]

Similarly, in the Emerging Democratic Majority, Judis and Teixeira (2002) argued that
the rising Latino share of the population would benefit the Democrats. Following its loss in
the 2012 presidential election, the Republican party launched its Growth and Opportunity
Project (Barbour et al., 2013)) with a charge to “grow the Party and improve Republican
campaigns.” Citing projections that whites would be in the minority by 2050, the project’s
2013 report declared that “America is changing demographically” and that “the changes tilt
the playing field even more in the Democratic direction,” making it essential for the party
to connect with minority voters, and Latino voters in particular (Barbour et al., 2013, p.
)l

For a more quantitative view, we turn next to studying the connection between demo-
graphic trends, as measured by our predictive model, and party platforms, as coded by
the Manifesto Project (Lehmann et al., 2023). To measure the overall demographic shift

towards Republicans implied by our predictive model, we calculate the cumulative shift

A= Z (‘Zﬁ,tJrl - Vtt) )

{tETl :t+1§7‘}

where recall that 77 is the set of elections for which we observe the result in the subsequent
election. We can interpret A, as the cumulative change in the electoral advantage of Re-
publicans, through election 7, if the model accurately forecasts the change in the election
results one election ahead.

Panel [(a)] of Figure [6| plots the estimated value of A, over the sample period. The plot

3Lassiter writes, “Although the Republican party initially benefited from the grassroots surge of middle-
class consciousness, the populist revolt of the center transcended the conservative mobilization of the New
Right. The reinvention of the ‘New Democrats’ as the champions of quality-of-life issues in suburban swing
districts and the fiscally responsible managers of the ‘new economy’ has revitalized the competitiveness of
the center in a postliberal political order” (2003| p. 328).

32The report stated, “The Republican Party must focus its efforts to earn new supporters and voters in the
following demographic communities: Hispanic, Asian and Pacific Islanders, African Americans, Indian
Americans, Native Americans, women, and youth. This priority needs to be a continual effort that affects
every facet of our Party’s activities, including our messaging, strategy, outreach, and budget” (Barbour
et al.l 2013} p. 12). A 2015 follow-up reported progress in these efforts (Priebus and Day,, 2015)).
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shows a cumulative electoral advantage to Republicans peaking in 1976 at 6.7 percentage
points and ending the sample period at about 1.2 percentage points, though with large sta-
tistical uncertainty. According to the estimates, Phillips| (1969) published as Republicans’
advantage waxed, and Judis and Teixeira (2002) as it Wanedﬁ

Panel [(b)] of Figure 6] plots the left-right position of each party over the sample period as
measured by the Manifesto Project (Lehmann et al., 2023). According to this measure, both
parties’ platforms moved to the right over most of the sample period, with the Democrats
moving later and reversing the trend in the final three election cycles of the sample period.
The overall trend appears consistent with the parties reacting, albeit with delay, to the
demographic shift visible in Panel [(a)] The plot also suggests that the parties moved more
nimbly in their ideologically preferred directions, with the Republicans moving to the right
in line with demographic trends, and ahead of the Democrats, and the Democrats later
moving back to the left, again in line with demographics, and without a corresponding
move by the Republicans during the sample period.

In addition to adjusting their overall ideological orientation, the parties can react to
demographic change by adjusting their positions on particular policy dimensions, such as
quality-of-life or fiscal responsibility in the case of suburban voters (Lassiter, 2003), or
family values in the case of Latino voters (Carranza, |[2024). To measure such adjustments,
we conduct an exercise analogous to the one depicted in Figure [6] this time looking across
policy issues. For each issue, we estimate a version of our predictive model but treating
as the outcome variable the respondent’s position (right or left) on the issue. We then
compute an analogue of the cumulative demographic shift A, through the 2020 election
for each issue. We scale this measure by the number of decades in the sample so that it
can be interpreted as a measure of how much voters’ positions would have moved to the
right on the given issue, in an average decade, if the model provided an accurate forecast.
We compare this measure to a measure of the trend in each party’s position on the issue,
computed as the coefficient from a linear regression of the party’s measured position on a

decadal time trend P

330nline Appendix Figure (10| shows how the estimated value of A, changes when we exclude groups of
covariates from the forecaster’s model. A forecaster ignoring the role of urbanism would have forecast a
more leftward shift over our sample period. A forecaster ignoring the role of race would have forecast a
more rightward shift. These findings align with the emphases of [Phillips| (1969)) and Judis and Teixeira
(2002), respectively.

ML etting x4 denote party j’s position on the given issue in election ¢, we estimate an ordinary least squares
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Panel (a) of Figure /| plots the estimated time trend in party positions on each issue (y-
axis) against the estimated cumulative demographic shift in voter positions on each issue
(x-axis). We show the trend in party positions separately for the two parties, as well as
pooled together. We observe an overall positive relationship, with the parties tending to
move to the right on issues on which the voters are also predicted to have done so. The
pooled measure of the trend in party positions has a Spearman rank correlation of 0.50 with
the demographic shift in voters’ positions, though with wide statistical uncertainty. We also
again encounter evidence that parties move more nimbly in their preferred direction, with
the Republicans tending to move more aggressively on the issues in the upper right of the
plot, and Democrats even more so on the issues in the lower left. Notice that, because the
x-axis variable is determined entirely by demographics, reverse causality does not seem
like a plausible explanation of the patterns in the plot.

The simplest interpretation of the evidence in Panel (a) of Figure[/|is that demographic
change brought about changes in Americans’ policy preferences, and the parties adjusted.
The story is not quite that simple, however. Panel (b) of Figure [/| replaces the y-axis
variable with the estimated time trend in voters’ realized positions on each issue, computed
as the coefficient from a linear regression of the share of voters expressing a right-wing
view of the issue on a decadal time trend. If the changes in issue positions predicted from
the demographic model came to pass, we would observe a positive relationship between
the realized (y-axis) and predicted (x-axis) trends in voters’ issue positions. If anything,
the relationship is slightly negative.

We see two plausible interpretations of this pattern. One interpretation is that the par-
ties overreacted to demographic change, and that demographic forecasts are no better at
predicting voters’ issue positions than at predicting their votes. Consistent with this inter-
pretation, Online Appendix Figure (1 1| shows that demographic forecasts of issue positions
tend to perform poorly (see also again Panel [(b)| of Figure[5])

Another interpretation is that the demographic trends reflect real change in voters’ issue
positions that do not manifest in voters’ stated positions. A possible reason for this pattern
could be that voters’ stated issue positions reflect their preferences relative to prevailing
policies or to the parties’ platforms, such that they are not a reliable guide to the absolute

policy preferences that drive party platforms. Consistent with this interpretation, Online

regression of x;; on ¢, and scale the resulting coefficient to be in units of change per decade.
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Appendix Table 4 reports that some of the survey questions assessing issue positions ex-
plicitly ask for the respondent’s opinion relative to the status quoﬁ]

Online Appendix [D] presents alternative versions of Figure 7] Online Appendix Figure
[I2) uses an alternative measure of party positions and reaches qualitatively similar conclu-
sions. Online Appendix Figure (13|focuses on the importance that parties and voters assign
to different issues, rather than the positions they take on these issues. These data are more
sparse but are consistent with parties putting more emphasis on issues that are predicted to
become more important to voters.

In addition to adjusting their policy platforms, the parties may adjust their voter out-
reach to target growing groups of the electorate. Online Appendix Figure [[4] presents sug-
gestive, albeit statistically imprecise, evidence that the parties increasingly target members
of growing groups, consistent with the narrative evidence that we discuss above.

To summarize, the parties appear to adjust their attributes in the direction in which vot-
ers are predicted to move based on demographic trends. Whether parties’ adjustments are
warranted, or instead represent an excessive response to forecast changes in voter opin-
ion, is an open question. Either way, parties’ adjustments will tend to further undermine

demographic forecasts.

7 Conclusion

Demographic forecasts have long been the main method for forecasting US electoral trends
over long horizons and, as such, an important input into party strategy. These forecasts
embed an important hypothesis about politics, namely that demographic groups’ partisan
leanings are more stable than their relative sizes.

We find that demographic forecasts perform poorly even when the forecaster has per-
fect knowledge of future demographic trends. Demographic forecasts fare worse than sim-
ply predicting that every presidential election will be an even contest, and no better than
guessing that future election results will mirror current ones. These forecasts are poor ir-
respective of the set of demographic covariates and the functional form we use to explain

and predict vote choices.

35Even for questions without an explicit reference to the status quo, respondents may interpret such questions
relative to the status quo (Franklin and Wlezien, |1997; Jennings, [2009; |Wlezien, 2017, pp. 407-409).
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The inaccuracy of short-term demographic forecasts is perhaps not surprising, as de-
mographic change may be swamped by other factors that vary from election to election.
We find, though, that demographic forecasts perform poorly even when they imply large
demographically driven political changes across elections. Even more importantly, demo-
graphic forecasts do not perform better over the long term. Changing voter preferences and
changing party platforms counteract the electoral swings that demographic trends would
otherwise predict.

We conclude that demographic forecasts of the sort we test are not useful for plan-

ning—and caution against assuming that demography is political destiny.
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Figure 1: Performance of Demographic Forecasts of US Presidential Elections
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section 4.2l The second section of each plot
presents the RMSE of demographic forecasts up to five elections in the future, as defined in Section
[.1] The third section of each plot presents the within-election error and root mean square shift at a
one-election horizon, as defined in Section4.3] The within-election error is normalized by dividing
by the within-election error of a model that predicts each vote with the sample mean vote. All other
values are normalized by dividing by the RMSE of the current forecast of the next election. Shaded
regions depict 95 percent credible intervals calculated based on a Bayesian bootstrap. Panel [(a)]
presents results for our main specification. Panel [(b)| presents results when we benchmark forecast
accuracy relative to the official election result. Panel [(c)| presents results when we restrict attention
to open-seat elections.
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Figure 2: Performance of Demographic Forecasts of US Presidential Elections: Richer
Demographics

(a) Main specification
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section .2 The second section of each
plot presents the RMSE of demographic forecasts up to five elections in the future, as defined in
Section 4. 1] The third section of each plot presents the within-election error and root mean square
shift at a one-election horizon, as defined in Section 4.3] The within-election error is normalized
by dividing by the within-election error of a model that predicts each vote with the sample mean
vote. All other values are normalized by dividing by the RMSE of the current forecast of the
next election. Shaded regions depict 95 percent credible intervals calculated based on a Bayesian
bootstrap.  Panel [(a)] presents results for our main specification. Panel [(b)] presents results when
we use the extended set of demographic covariates. Panel presents results when we use the
extended set of demographic covariates and replace the logit model with an average of regression
trees estimated using the random forest algorithm. We optimize the maximum depth and bag size of
the random forest algorithm for each year to minimize mean squared error estimated using 10-fold
cross-validation, and hold these hyperparameters fixed over replicates of the Bayesian bootstrap.
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Figure 3: Performance of Demographic Forecasts of Congressional Elections and Party
Identification

(a) Main specification

35 Benchmarks Demographics Diagnostics

[}
215
©
E 1.0
L0 L DD []
CP\@(\ @1@(\’& ?/\ee‘\ Q/\?ﬂ\\ o (//\ed\\ ?/\ec\@“ ?/\eo“ o \“\«9\?’ 5&\\\\
(b) Congressional elections in (c) Congressional elections in
presidential years midterm years
35 35
3.0 w 3.0
n 25 n 2.5
=
x 2.0 x 2.0
215 -g 15
& &
& 1.0 & 1.0
L L EL L D e "ol LI L] N
0.0 | — 0.0 —
Q\‘ \ Q\\ O°
O\\“e o 0% @eﬁ"\ ?/\QQ\\ @gﬂ“ o @eo\\o“ ?/\QC\\ N@\(\,@\‘?& o g»\“e o 0 @ed‘\ ?/\QQ\\ @\e@\\ o @eo\@“ ?/\QC\\ N@\“,e\?'c 9“\“

(d) Party identification
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section The second section of each plot
resents the RMSE of demographic forecasts up to five elections in the future, as defined in Section
The third section of each plot presents the within-election error and root mean square shift at a
one-election horizon, as defined in Section4.3] The within-election error is normalized by dividing
by the within-election error of a model that predicts each vote with the sample mean vote. All
other values are normalized by dividing by the RMSE of the current forecast of the next election.
Shaded regions depict 95 percent credible intervals calculated based on a Bayesian bootstrap. Panel
presents results for our main specification. Panel @] and present results for forecasting
e Republican share of the two-party vote in congressional elections in presidential and midterm
election years, respectively. Panel @T,presents results for forecasting the Republican share of party
identification, where we replace the even split benchmark with one in which party identification is
always 40-60 in favor of Democrats. 41



Figure 4: Time-Series Properties of Demographic Forecasts

(a) Main specification, 1 election prior
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(b) Main specification, 3 elections prior
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(c) County-level model, 1 election prior
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(d) County-level model, 3 elections prior
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Notes: The top portion of each plot is a time series that shows the election result (gray series),
a current forecast equal to the result in a past election (dashed black series), and a demographic
forecast based on data from the same past election (solid black series). The bottom portion of each
plot is a bar plot that shows the difference in (absolute) error between the current and demographic
forecasts, hatched when the error is greater for the current forecast, and solid when the error is
greater for the demographic forecast. Panels[(a)]and [(b)] use the main specification from Panel [(a)] of
Figure[I]and forecasts from the one and three elections prior, respectively. Panels[(c) and [[d)|use the
county-level logistic specification from Panel (b) of Online Appendix Figure [ and forecasts from
the one and three elections prior, respectively.
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Figure 5: Stability of Voting and Issue Position Probabilities Across Elections

(a) Voting probabilities
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Notes: Panel [(a)] displays the average (across elections) of the correlation (across survey respon-
dents) in the estimated probability (of voting Republican) at different horizons. Panel [(b)| displays
the average (across elections and then across issues) of the correlation (across survey respondents)
in the estimated probability (of expressing a right-wing position on the issue) at different hori-
zons. The correlation of the estimated probability in the current election with itself is mechanically
one. The correlation for “Election + 1” is the average (across elections or elections and issues) of
the correlation (across survey respondents) between a respondent’s estimated probability (of voting
Republican or expressing a right-wing position on the issue) according to the predictive model esti-
mated for the current election year, and the same respondent’s probability according to the predictive
model estimated for the next election year. The predictive model is a binary logit model (Section
with independent variables given by either the main demographic covariates or the extended
demographic covariates (Section [3.1) and dependent variable given by either the vote (Section [3.1)
or the issue position (Section [3.3).
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Notes: Panel [(a)] shows the cumulative predicted change A ., according to our main specification, in
the Republican share of the two-party vote due to demographic change, as defined in Section
The dashed series depicts pointwise 95 percent credible intervals calculated based on a Bayesian
shows the trend in the position of each party’s national platform, measured by
the difference between the shares of right-wing and left-wing sub-sentences in the party’s platform,
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Figure 6: Shifts in Demographics and Party Positions
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as defined in Section[3.3]
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Figure 7: Shifts in Demographics and Party Positions on Issues

(a) Shifts in parties’ issue positions
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Notes: The plots are scatterplots. In Panel (a), each point represents an issue for which we can estimate voter
positions in the survey data and party positions in the Manifesto Project data, as described in Section [3.3]
The y-axis variable is the estimated per-decade linear time trend in the difference between the shares of right-
wing vs. left-wing sentences on the issue in party platforms, as defined in Section [3.3] The triangle is for the
Republican party, the square is for the Democratic party, and the dot is for both parties pooled together. The
x-axis variable is the estimated per-decade cumulative demographic shift in voters’ probability of supporting
the right-wing position on the issue, as defined in Section[6.3] In the bottom right we display the Spearman
rank correlation between the pooled y-axis variable and the x-axis variable as well as a corresponding 95
percent credible interval calculated based on a Bayesian bootstrap. Panel (b) replaces the y-axis variable with
the estimated per-decade linear time trend in voters’ stated positions on the given issue, as defined in Section
6.3l
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Online Appendix for
Pitfalls of Demographic Forecasts of US Elections

Richard Calvo, University of California Berkeley
Vincent Pons, Harvard University, CEPR, and NBER
Jesse M. Shapiro, Harvard University and NBER[]

A Demographic Change in a Model of Electoral Compe-
tition

Here we show that, in a symmetric model of party competition for votes, we can expect
election outcomes to be competitive regardless of demographic change, and, therefore,
pure demographic forecasts to be systematically wrong. To see this, suppose, in the model
of Section [2] that the two parties each simultaneously choose platforms z;, 2 € X and
then receive a payoff equal to their share of the vote. Suppose, further, that voter behavior
treats the parties symmetrically in the sense that p, () = % forall g € {1, ..., G} whenever
rr = xg. It is immediate that in any pure-strategy equilibrium, the two parties must
expect an equal share of the vote, because if not, whichever party is at a disadvantage has
a profitable deviation to the platform of the other party It follows that V' = V* = % if all
elections constitute pure-strategy equilibria of the game

To see the implications for forecasting, notice that if we impose the conditions for a

pure-strategy equilibrium, the error becomes

€]
. 1
V-V*= L —— . 2
> (pg (2) 2) @)
g=1
Equation (2) states that the essential basis of a pure demographic forecast—heterogeneity
in different groups’ propensity to vote for party R—is a source of error once we consider

the implications of electoral competition. Intuitively, any such heterogeneity creates the

(mistaken) impression that changes in group shares will influence the future vote.

'E-mail: richard_calvo@berkeley.edu, vpons@hbs.edu, jesse_shapiro @fas.harvard.edu.

2Sufficient conditions for the existence of a Nash equilibrium in pure strategies in a similar model can be
found in, for example, |Austen-Smith and Banks| (2005} see Theorems 7.9 and 7.10).

3Notice that this reasoning does not imply that the parties adopt identical platforms in any pure-strategy
equilibrium, only that they receive equal shares of the total vote. It may be, for example, that one party
receives relatively more of the vote of one group, and another party, more of the vote of another group.
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Online Appendix Table 2: Sample Sizes in Survey Data

Year All respondents Respondents reporting a presidential vote for a major party

Demographic covariates non-missing

All Main Extended
1952 1,899 1,235 1,143 885
1956 1,762 1,266 1,178 1,156
1960 1,181 898 880 829
1964 1,571 1,111 1,059 1,021
1968 1,557 911 889 853
1972 2,705 1,587 1,532 1,503
1976 2,248 1,322 1,222 1,164
1980 1,614 877 784 736
1984 2,257 1,376 1,238 1,203
1988 2,040 1,195 1,078 1,047
1992 2,485 1,357 1,225 1,197
1996 1,714 1,034 929 920
2000 1,807 1,120 916 906
2004 1,212 811 721 710
2008 2,322 1,539 1,367 1,359
2012 5,914 4,188 3,847 3,831
2016 4,270 2,609 2,420 2,410
2020 8,280 6,119 5,700 5,667

Notes: For each election year the table reports, respectively, the number of respondents in the ANES
(“All respondents”™), the number of respondents reporting a vote for a major party presidential can-
didate (“Respondents reporting a presidential vote for a major party: All”); of these, the number
of respondents with non-missing values of all main demographic covariates (“Demographic co-
variates non-missing: main”) and all extended demographic covariates (“Demographic covariates
non-missing: extended”), as defined in Section[3.1]
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C County-Level Data Description

We collect county-level data on voting and six demographic characteristics—age, gender,
urbanism, race, education, and income—chosen to align as closely as possible with the
variables used in our main specification. When data are not available for each election year,
we use the data for the most recent available year. In this section, we provide information

on our data sources and variable definitions.

Voting

Our data on county-level US presidential election results come from Leip| (2016), with

minor adjustments based on other public sources.

Age

Our data on age come from the US Decennial Census accessed via Social Explorer (US
Census Bureau, 2010) for 1950-2010 and via the US Census Bureau Population Division
(US Census Bureau, 2023)) for 2020. For each county, we measure the fraction of residents
in each of the following age bins: 0—4, 5-9, 10-14, 15-24, 25-34, 35-44, 45-54, 55-64,
65—74, and 75 and older. We observe these variables every ten years starting in 1950 and
ending in 2020.

Gender

Our data on gender come from the US Decennial Census accessed via Social Explorer
(US Census Bureau, 2010) and via the US Census Bureau Population Division (US Census
Bureau, [2023) for 2020. For each county, we measure the fraction of residents who are
female and include this variable in our model. We observe this variable every ten years
starting in 1950 and ending in 2020.

Urbanism

Our data on urbanism come from the US Decennial Census accessed via Social Explorer
(US Census Bureau, [2010). For each county, we observe population density (measured in
people per square mile), which we use to construct urbanism categories using the same
thresholds as in the main specification. We observe this variable every ten years starting in
1950 and ending in 2010.

14



Race

Our data on race come from the US Decennial Census accessed via Social Explorer (US
Census Bureau, 2010) and via the US Census Bureau Population Division (US Census
Bureau, [2023) for 2020. For each county, we measure the fraction of residents who are
white and include this variable in our model. We observe this variable every ten years
starting in 1950 and ending in 2020.

Education

Our data on education in 1950 come from the US Decennial Census accessed via Social
Explorer (US Census Bureau, 2010). Our data on education in 1970, 1980, 1990, and
2000 come from the US Decennial Census accessed via the US Department of Agriculture
Economic Research Service (US Census Bureau, 2000). Our data on education in 2010
and 2020 come from American Community Survey 5-Year Estimates for 2008-2012 and
2018-2022 accessed via the US Department of Agriculture Economic Research Service
(US Census Bureau, 2024). For each county, we measure the fraction of residents aged
25 or older who have less than a high school education, who have only a high school
education, who have some college education, and who have a college degreeﬂ We observe
these variables in 1950, 1970, 1980, 1990, 2000, and 2010.

Income

Our data on income come from two sources: for 1952, 1962, and 1972, the US Census
County and City Data Books (Inter-university Consortium for Political and Social Re-
search, [2008; Haines and Inter-university Consortium for Political and Social Research,
2010) provide median family income, and for each year from 1969 through 2016, the US
Bureau of Economic Analysis (BEA) Regional Economic Accounts (US Bureau of Eco-
nomic Analysis, 2022) provide per capita personal income. We convert both variables from
nominal into real terms using the January value of the Consumer Price Index (US Bureau
of Labor Statistics, 2024). To harmonize variables across years, we regress log per capita

personal income in 1972 on log median family income in 1972 (the year in which the two

4For the 1950 data, we encode those with “No school years completed,” “At least some elementary,” and “1-3
years high school” as having less than a high school education, those with “4 years high school” as having
only a high school education, those with “1-3 years college” as having some college, and those with “4 years
college” as having a college degree, and we exclude those with “Unknown years of school.” For other years
we directly observe the fraction of residents aged 25 or older in each category.
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datasets overlap) and use the estimated linear model to impute log per capita personal in-
come for 1952 and 1962 from log median family income. We then use the imputed values
of real log per capita personal income for 1952 and 1962, along with the true values of real

log per capita personal income for 1969 onwards, in our analysis.

D Additional Empirical Results
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Online Appendix Figure 1: Republican Share of Two-Party Vote, Survey vs. Official Re-
sults
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Notes: The plot is a scatterplot. The unit of analysis is the presidential election. The y-axis depicts the
Republican share of the two-party vote among survey respondents. The x-axis depicts the Republican share
of the two-party vote from official election results. The dashed line is a 45-degree line.
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Online Appendix Figure 2: Performance of Demographic Forecasts of US Presidential
Elections: Earlier vs. Later Elections

(a) Main specification
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section 4.2l The second section of each plot
presents the RMSE of demographic forecasts up to five elections in the future, as defined in Section
[.1] The third section of each plot presents the within-election error and root mean square shift at a
one-election horizon, as defined in Section4.3] The within-election error is normalized by dividing
by the within-election error of a model that predicts each vote with the sample mean vote. All other
values are normalized by dividing by the RMSE of the current forecast of the next election. Shaded
regions depict 95 percent credible intervals calculated based on a Bayesian bootstrap. Panel (a)
presents results for our main specification. Panel (b) presents results when we restrict attention to
elections from 1952 to 1984. Panel (c) presents results when we restrict attention to elections from
1988 to 2020. All normalizing constants are calculated using the full sample.
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Online Appendix Figure 3: Contributions of Covariate Groups to Reduction in Within-
election Error

Specification

Alternative -
Main

Covariate group

Gender and Family

.------- -II B Education

0.91
Geography
B Income and Work
Age
0.6- B Religion

0.31
Race and Origin

Relative contribution to reduction in within—election error

Notes: The plot shows the contribution of each group of variables to the reduction in within-election
error, as defined in Section [4.3] To calculate the contribution of a given group of variables, we re-
estimate the binary logit model without the given group of variables and calculate the increase in
within-election error, expressed relative to the sum of contributions across all groups of variables
that we consider. We calculate the contribution of each group of variables under the main specifi-
cation in Panel [(a)] of Figure [T} which uses the main set of demographic covariates, and under the
alternative specification in Panel of Figure [2| which uses the extended set of demographic co-
variates. For each group of variables, the lighter shaded portion of the bar corresponds to the main
specification, and the darker shaded portion of the bar corresponds to the alternative specification.
The lower shaded portion of the bar denotes the smaller of the two contributions, and the upper
shaded portion of the bar denotes the difference between the smaller and greater contributions. The
groups of variables are, “Age”, “Education,” “Gender and Family” (which includes gender and mar-
ital status), “Income and Work” (which includes income, labor force participation, and occupation),
“Race and Origin” (which includes race, own foreign-born status, parents’ foreign-born status),
“Geography” (which includes urbanism and Census region), and “Religion” (which includes reli-
gion and religious participation).
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Online Appendix Figure 4: Performance of Demographic Forecasts of US Presidential
Elections, Separate Model by Region

(a) Main specification
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section [d.2] The second section of each plot
presents the RMSE of demographic forecasts up to five elections in the future, as defined in Section
[.1] The third section of each plot presents the within-election error and root mean square shift at a
one-election horizon, as defined in Section[d.3] The within-election error is normalized by dividing
by the within-election error of a model that predicts each vote with the sample mean vote. All other
values are normalized by dividing by the RMSE of the current forecast of the next election. Shaded
regions depict 95 percent credible intervals calculated based on a Bayesian bootstrap. Panel (a)
presents results for our main specification. Panel (b) presents results when we modify our main
specification by allowing the parameters of the predictive model to differ by Census region.
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Online Appendix Figure 6: Performance of Demographic Forecasts of US Presidential
Elections, Alternative Treatment of Missing Covariates

(a) Main specification
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section .2l The second section of each
plot presents the RMSE of demographic forecasts up to five elections in the future, as defined in
Sectiond4.1] The third section of each plot presents the within-election error and root mean square
shift at a one-election horizon, as defined in Section The within-election error is normalized
by dividing by the within-election error of a model that predicts each vote with the sample mean
vote. All other values are normalized by dividing by the RMSE of the current forecast of the
next election. Shaded regions depict 95 percent credible intervals calculated based on a Bayesian
bootstrap. Panel (a) presents results for our main specification in which we include respondents
who voted for a candidate in a major party and for whom we have information on all demographic
covariates in the extended set. Panel (b) presents results when we include respondents for whom we
have information on all demographic covariates in the main set, even if we are missing information
for some demographic covariates in the extended set. Panel (c) presents results when we further
include respondents for whom we are missing information for some demographic covariates in the
main set. To do this, for each demographic covariate in the main set, we add to the predictive model
an indicator for whether the covariate value is missing, and impute all other indicators to zero when
the covariate value is missing.
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Online Appendix Figure 7: Performance of Demographic Forecasts of the US Electoral
College

(a) Main specification
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section @ The second section of each
plot presents the RMSE of demographic forecasts up to five elections in the future, as defined in
Section[4.1] The third section of each plot presents the within-election error and root mean square
shift at a one-election horizon, as defined in Section 4.3} The within-election error is normalized
by dividing by the within-election error of a model that predicts each vote with the sample mean
vote. All other values are normalized by dividing by the RMSE of the current forecast of the
next election. Shaded regions depict 95 percent credible intervals calculated based on a Bayesian
bootstrap. Panel (a) presents results for our main specification. Panel (b) presents results where
we forecast the Republican share of the Electoral College. To do this, we assume that each voter
votes independently according to the predictive model defined in Section .1} and that each survey
respondent represents a number of voters in their state inverse to the respondent’s survey weight.
We approximate the probability of a Republican popular victory in each state via Monte Carlo
simulation, assign all of a state’s electors to the winner of the state’s popular vote, and use the
implied expected Republican share of the Electoral College as the forecast.
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Online Appendix Figure 8: Performance of Demographic Forecasts of US Presidential
Elections: Aggregate Data

(a) Main specification
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section 4.2l The second section of each plot
presents the RMSE of demographic forecasts up to five elections in the future, as defined in Section
[.1] The third section of each plot presents the within-election error and root mean square shift at a
one-election horizon, as defined in Section4.3] The within-election error is normalized by dividing
by the within-election error of a model that predicts each vote with the sample mean vote. All
other values are normalized by dividing by the RMSE of the current forecast of the next election.
Shaded regions depict 95 percent credible intervals calculated based on a Bayesian bootstrap. Panel
(a) presents results for our main specification. Panel (b) presents results when we use a county-
level logistic regression on the main demographic covariates as the basis for forecasting. Panel (c)
presents results when we forecast elections by assuming each county’s vote share remains the same
between elections, but allowing each county’s number of voters to evolve as in the actual data. For
the specification in Panel (c) the within-election error is not well-defined.
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Online Appendix Figure 10: Predicted Cumulative Shift in the Electorate, Excluding Co-
variates
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Notes: The baseline series corresponds to the predicted cumulative shift in the electorate, as depicted
in Panel [(a)| of Figure [6|and defined in Section [6.3] Each other series corresponds to an experiment
in which we exclude the given covariate from the set used to estimate the predictive model, and
recompute the predicted cumulative shift in the electorate.
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Online Appendix Figure 11: Performance of Demographic Forecasts of Issue Positions

(a) Main specification
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Notes: Each plot displays the relative root mean squared error (RMSE) of forecasts across varying
specifications. The first section of each plot presents the RMSE of the current forecast of the next
election, and of the even split forecast, as defined in Section d.2] The second section of each plot
presents the RMSE of demographic forecasts up to five elections in the future, as defined in Section
[.1] The third section of each plot presents the within-election error and root mean square shift at a
one-election horizon, as defined in Section4.3] The within-election error is normalized by dividing
by the within-election error of a model that predicts each vote with the sample mean vote. All
other values are normalized by dividing by the RMSE of the current forecast of the next election.
Shaded regions depict 95 percent credible intervals calculated based on a Bayesian bootstrap. Panel
(a) presents results for our main specification. Panel (b) presents results when we forecast voters’
stated positions on each of a set of issues described in Section[3.3] and average forecast performance
over the issues. We omit the even-split forecast from panel (b) as it is not a useful benchmark for
forecasts of issue positions.
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Online Appendix Figure 12: Shifts in Demographics and Party Positions on Issues, Addi-
tional Analysis

(a) Shifts in parties’ issue positions, alternative
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Notes: Panel (a) repeats the scatterplot from Figure [7]Panel (a) but replaces the y-axis variable with
one that restricts attention to the portions of each party’s platform that are coded as ideological by
the Manifesto Project. Panel (b) repeats the scatterplot from Figure [7] Panel (b).
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Online Appendix Figure 13: Shifts in Demographics and Party Emphasis on Issues

(a) Shifts in parties’ issue emphasis
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(b) Shifts in voters’ issue importance
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Notes: Panel (a) repeats the scatterplot from Figure |Z] Panel (a) but replaces (i) the y-axis variable
with the estimated per-decade linear time trend in the share of sub-sentences that refer to the given
issue in party platforms and (ii) the x-axis variable with the estimated per-decade cumulative de-
mographic shift in voters’ probability of listing the given issue as the one most important to them,
as defined in Online Appendix [E] Panel (b) replaces the y-axis variable in Panel (a) with the esti-
mated per-decade linear time trend in voters’ probability of listing the given issue as the one most
important to them.
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Online Appendix Figure 14: Trends in Group Sizes and Contact Rates

(a) Trends in contact rates
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(b) Trends in contact rates, controlling for initial
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Notes: The plots are scatterplots. In each panel, each point represents a group of voters defined by categories
of urbanism and race, as defined in Section [3.1] The y-axis variable is the estimated per-decade linear time
trend in the self-reported contact rate of each group, estimated via a linear regression, with the self-reported
contact rate from the survey question described in Online Appendix Table[T] The triangle is for the Republican
party, the square is for the Democratic party, and the dot is for contact by either party. The x-axis variable
is the estimated per-decade linear trend in the share of the electorate in each group, estimated via a linear
regression. In the bottom right we display the Spearman rank correlation between the “any party” y-axis
variable and the x-axis variable as well as a corresponding 95 percent credible interval calculated based on
a Bayesian bootstrap. Panel (b) residualizes the y-axis and x-axis variables with respect to the share of the
electorate in each group at the beginning of the sample period, adding a constant to preserve the sample mean.
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Online Appendix Table 3: Performance of Demographic Forecasts

Exercise RMSE CI Bound Exercise RMSE CI Bound
Relative (Absolute) Lower Upper Relative (Absolute) Lower Upper
Main specification (PanelofFigure Official results (PanelofFigure
Current 1.000 (0.095) - - Current 1.000 (0.082) - -
Even split 0.817 (0.078) - - Even split 0.675 (0.055) - -
Election + 1 0.997 (0.095) 0.908 1.128 Election + 1 1.012 (0.082) 0.934 1.118
Election + 2 1.327 (0.126) 1.216 1.472 Election + 2 1.388 (0.113) 1.307 1.503
Election + 3 1.171 (0.112) 1.055 1.319 Election + 3 1.141 (0.093) 1.057 1.282
Election + 4 1.008 (0.096) 0.887 1.179 Election + 4 1.056 (0.086) 0.965 1.194
Election + 5 1.126 (0.107) 1.017 1.267 Election + 5 1.209 (0.099) 1.113 1.338
Within-election 0.931 (0.460) 0.918 0.927 Within-election 0.931 (0.460) 0918 0.927
Shift 0.126 (0.012) 0.115 0.210 Shift 0.147 (0.012) 0.135 0.245
Open-seat elections (szel'afFigure Extended demographic covariates (Panellaf Figure
Current 1.000 (0.040) - - Current 1.000 (0.095) - -
Even split 1.128 (0.045) - - Even split 0.817 (0.078) - -
Election + 1 1.164 (0.047) 0.871 1.785 Election + 1 0.955 (0.091) 0.864 1.075
Election + 2 1.730 (0.069) 1.325 2.323 Election + 2 1.359 (0.130) 1.235 1.499
Election + 3 2.671 (0.107) 2.027 3.456 Election + 3 1.223 (0.117) 1.095 1.376
Election + 4 3.508 (0.141) 2.713 4.558 Election + 4 0.817 (0.078) 0.689 1.001
Election + 5 3.887 (0.156) 2.671 5.229 Election + 5 1.215 (0.116) 1.085 1.375
Within-election 0.929 (0.462) 0911 0.928 Within-election 0.876 (0.432) 0.850 0.863
Shift 0.523 (0.021) 0.349 0.872 Shift 0.220 (0.021) 0.189 0.325
Regression trees (Panel|(c)|of Figure Congre L elections in presidential years (Panel'anigum
Current 1.000 (0.095) - - Current 1.000 (0.052) - -
Even split 0.817 (0.078) - - Even split 1.053 (0.055) - -
Election + 1 0.981 (0.093) 0.891 1.108 Election + 1 0.973 (0.051) 0.805 1.302
Election + 2 1.304 (0.124) 1.199 1.440 Election + 2 1.113 (0.058) 0.937 1.460
Election + 3 1.162 (0.111) 1.058 1.296 Election + 3 1.162 (0.060) 0.997 1.503
Election + 4 1.004 (0.096) 0.881 1.152 Election + 4 0.861 (0.045) 0.747 1.203
Election + 5 1.143 (0.109) 1.040 1.270 Election + 5 1.175 (0.061) 1.002 1.527
Within-election 0.820 (0.405) 0.774 0.785 Within-election 0.949 (0.470) 0.938 0.947
Shift 0.168 (0.016) 0.136 0.252 Shift 0.231 (0.012) 0.212 0.366
Congressional elections in midterm years (PanelofFigure Party identification (PanelofFigure
Current 1.000 (0.062) - - Current 1.000 (0.035) - -
Even split 1.383 (0.086) - - 40-60 split 1.189 (0.041) - -
Election + 1 0.953 (0.059) 0.780 1.304 Election + 1 1.065 (0.037) 0.899 1.461
Election + 2 1.168 (0.073) 0.924 1.530 Election + 2 1.305 (0.045) 1.097 1.711
Election + 3 1.307 (0.081) 1.071 1.683 Election + 3 1.301 (0.045) 1.105 1.713
Election + 4 1.174 (0.073) 0.936 1.581 Election + 4 1.094 (0.038) 0.901 1.545
Election + 5 1.484 (0.092) 1.214 1.878 Election + 5 1.442 (0.050) 1.229 1.886
Within-election 0.949 (0.470) 0.926 0.940 Within-election 0.945 (0.466) 0.935 0.943
Shift 0.177 (0.011) 0.145 0.369 Shift 0.290 (0.010) 0.261 0.463
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Online Appendix Table 3: Performance of Demographic Forecasts (cont.)

Exercise RMSE CI Bound Exercise RMSE CI Bound
Relative (Absolute) Lower Upper Relative (Absolute) Lower Upper
Main specification (PanelofFigure First sample half (Panel (b) of Online Appendix Figure
Current 1.000 (0.095) - - Current 1.332 (0.169) - -
Even split 0.817 (0.078) - - Even split 1.006 (0.128) - -
Election + 1 0.997 (0.095) 0.908 1.128 Election + 1 1.352 (0.172) 1.193 1.530
Election + 2 1.327 (0.126) 1.216 1.472 Election + 2 1.779 (0.226) 1.593 1.995
Election + 3 1.171 (0.112) 1.055 1.319 Election + 3 1.456 (0.185) 1.254 1.693
Election + 4 1.008 (0.096) 0.887 1.179 Election + 4 1.172 (0.149) 0.973 1.403
Election + 5 1.126 (0.107) 1.017 1.267 Election + 5 1.386 (0.176) 1.189 1.625
Within-election 0.931 (0.460) 0918 0.927 Within-election 0.931 (0.460) 0.921 0.936
Shift 0.126 (0.012) 0.115 0.210 Shift 0.095 (0.012) 0.087 0.158
Second sample half (Panel (c) of Online Appendix FigureH Region-specific model (Panel (b) of Online Appendix FigureH
Current 0.563 (0.030) - - Current 1.000 (0.095) - -
Even split 0.590 (0.032) - - Even split 0.817 (0.078) - -
Election + 1 0.516 (0.028) 0.403 0.702 Election + 1 1.032 (0.098) 0.931 1.168
Election + 2 0.679 (0.036) 0.508 0.902 Election + 2 1.310 (0.125) 1.202 1.444
Election + 3 0.554 (0.030) 0.390 0.796 Election + 3 1.110 (0.106) 0.992 1.272
Election + 4 0.518 (0.028) 0.404 0.737 Election + 4 1.027 (0.098) 0.895 1.197
Election + 5 0.511 (0.027) 0.343 0.748 Election + 5 1.124 (0.107) 1.009 1.269
Within-election 0.931 (0.460) 0911 0.924 Within-election 0.897 (0.443) 0.862 0.874
Shift 0.224 (0.012) 0.205 0.373 Shift 0.157 (0.015) 0.147 0.273

Main specification with Jeffreys prior penalty (Panel (b) of Online Appendix Figum

Current

Even split
Election + 1
Election + 2
Election + 3
Election + 4
Election + 5
Within-election

Shift

1.000

0.817

0.987

1.316

1.167

0.999

1.117

0.931

0.115

(0.095)
0.078)
(0.094)
(0.125)
(0.111)
(0.095)
(0.106)
(0.460)

(0.011)

0.921

1.252

1.098

0.924

1.048

0.927

0.105

1.075

1.391

1.247

1.090

1.204

0.936

0.178

Main specification with L1 penalty (Panel (d) of Online Appendix Figure

Current

Even split
Election + 1
Election + 2
Election + 3
Election + 4
Election + 5
Within-election

Shift

1.000

0.817

0.985

1.316

1.159

0.976

1.099

0.933

0.105

(0.095)
0.078)
(0.094)
(0.125)
0.111)
(0.093)
(0.105)
(0.461)

(0.010)

0.899

1.201

1.029

0.852

0.995

0.925

0.084

1.117

1.457

1.298

1.145

1.255

0.937

0.157

Current

Even split
Election + 1
Election + 2
Election + 3
Election + 4
Election + 5
Within-election

Shift

Current
Even split
Election + 1
Election + 2
Election + 3
Election + 4
Election + 5

Within-election

Shift

Extended specification with Jeffreys

1.000

0.817

0.934

1.297

1.224

1.026

1.172

0.878

0.199

1.000

0.817

0.963

1.304

1.195

1.012

1.183

0.888

0.168

(0.095)
0.078)
(0.089)
(0.124)
0.117)
(0.098)
(0.112)
(0.434)

(0.019)

(0.095)
0.078)
(0.092)
(0.124)
0.114)
(0.096)
0.113)
(0.438)

(0.016)

0.869

1.228

1.148

0.951

1.101

0.872

0.178

0.874

1.196

1.077

0.886

1.067

0.874

0.136

prior penalty (Panel (c) of Online Appendix FigureH

1.019

1.370

1.299

1.119

1.261

0.885

0.283

Extended specification with L1 penalty (Panel (e) of Online Appendix Figure| ‘

1.090

1.451

1.342

1.174

0.892

0.231
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Online Appendix Table 3: Performance of Demographic Forecasts (cont.)

Exercise RMSE CI Bound Exercise RMSE CI Bound
Relative (Absolute) Lower Upper Relative (Absolute) Lower Upper
Main specification (PanelofFigure Include respondents missing extended covariates (Panel (b) of Online Appendix FigureH}
Current 1.000 (0.095) - - Current 1.000 (0.095) - -
Even split 0.817 (0.078) - - Even split 0.811 (0.077) - -
Election + 1 0.997 (0.095) 0.908 1.128 Election + 1 1.002 (0.095) 0911 1.127
Election + 2 1.327 (0.126) 1.216 1.472 Election + 2 1.324 (0.125) 1.217 1.463
Election + 3 1.171 (0.112) 1.055 1.319 Election + 3 1.146 (0.108) 1.033 1.291
Election + 4 1.008 (0.096) 0.887 1.179 Election + 4 0.989 (0.093) 0.868 1.155
Election + 5 1.126 (0.107) 1.017 1.267 Election + 5 1.124 (0.106) 1.016 1.269
Within-election 0.931 (0.460) 0918 0.927 Within-election 0.930 (0.460) 0918 0.927
Shift 0.126 (0.012) 0.115 0.210 Shift 0.127 (0.012) 0.116 0.212
Include all voters (Panel (c) of Online Appendix FigureH Electoral College (Panel (b) of Online Appendix FigureH
Current 1.000 (0.095) - - Current 1.000 (0.344) - -
Even split 0.800 (0.076) - - Even split 0.678 (0.233) - -
Election + 1 1.007 (0.095) 0915 1.131 Election + 1 0.954 (0.328) 0.803 1.077
Election + 2 1.311 (0.124) 1.203 1.453 Election + 2 1.331 (0.458) 1.119 1.355
Election + 3 1.125 (0.106) 1.022 1.274 Election + 3 1.167 (0.401) 0.985 1.225
Election + 4 0.974 (0.092) 0.855 1.135 Election + 4 1.102 (0.379) 0.861 1.149
Election + 5 1.096 (0.104) 0.989 1.247 Election + 5 1.327 (0.456) 1.059 1.313
Within-election 0.928 (0.459) 0.915 0.925 Within-election 0.931 (0.460) 0.918 0.927
Shift 0.138 (0.013) 0.127 0.222 Shift 0.183 (0.063) 0.166 0.375
County-level logistic regression (Panel (b) of Online Appendix Figum County-level population change (Panel (c) of Online Appendix Figurth
Current 1.000 (0.069) - - Current 1.000 (0.069) - -
Even split 0.796 (0.055) - - Even split 0.796 (0.055) - -
Election + 1 1.275 (0.088) 1.209 1.411 Election + 1 1.017 (0.070) - -
Election + 2 2.109 (0.146) 1.983 2.287 Election + 2 1.350 (0.093) - -
Election + 3 2.460 (0.170) 2.347 2.625 Election + 3 1.163 (0.081) - -
Election + 4 2.559 (0.177) 2.446 2.765 Election + 4 1.013 (0.070) - -
Election + 5 3.203 (0.222) 3.097 3.480 Election + 5 1.273 (0.088) - -
Within-election 0.669 (0.082) 0.648 0.665 Within-election - - - -
Shift 0.664 (0.046) 0.563 0.838 Shift 0.043 (0.003) - -
Averaging over current and previous election (Panel (a) of Online Appendix FigureH Averaging over current and previous two elections (Panel (a) of Online Appendix FigureH
Current 1.000 (0.095) - - Current 1.000 (0.095) - -
Even split 0.817 (0.078) - - Even split 0.817 (0.078) - -
Election + 1 1.297 (0.124) 1.238 1.370 Election + 1 1.042 (0.099) 0.983 1.123
Election + 2 1.299 (0.124) 1.229 1.372 Election + 2 1.170 (0.112) 1.104 1.247
Election + 3 1.266 (0.121) 1.184 1.346 Election + 3 1.095 (0.104) 1.023 1.176
Election + 4 1.168 (0.111) 1.096 1.252 Election + 4 0.971 (0.093) 0.892 1.063
Election + 5 1.167 (0.111) 1.094 1.258 Election + 5 0.963 (0.092) 0.888 1.056
Within-election 0.931 (0.460) 0.926 0.935 Within-election 0.931 (0.460) 0.926 0.935
Shift 0.724 (0.069) 0.693 0.766 Shift 0.588 (0.056) 0.556 0.630
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Online Appendix Table 3: Performance of Demographic Forecasts (cont.)

Exercise RMSE CI Bound Exercise RMSE CI Bound
Relative (Absolute) Lower Upper Relative (Absolute) Lower Upper
Main specification (Pa;zelMofFigureH Extrapolating from previous election (Panel (b) of Online Appendix FigureH
Current 1.000 (0.095) - - Current 1.000 (0.095) - -
Even split 0.817 (0.078) - - Even split 0.817 (0.078) - -
Election + 1 0.997 (0.095) 0.908 1.128 Election + 1 1.305 (0.124) 1.240 1.391
Election + 2 1.327 (0.126) 1.216 1.472 Election + 2 2.208 (0.210) 2.134 2.291
Election + 3 1.171 (0.112) 1.055 1.319 Election + 3 2.306 (0.220) 2223 2.403
Election + 4 1.008 (0.096) 0.887 1.179 Election + 4 2.154 (0.205) 2.067 2.250
Election + 5 1.126 (0.107) 1.017 1.267 Election + 5 2.431 (0.232) 2.341 2.524
Within-election 0.931 (0.460) 0918 0.927 Within-election 0.931 (0.460) 0.926 0.935
Shift 0.126 (0.012) 0.115 0.210 Shift 1.091 (0.104) 1.049 1.133

Extrapolating from two elections back (Panel (b) of Online Appendix FigureHA Extrapolating from three elections back (Panel (b) of Online Appendix FigureH}

Current 1.000 (0.095) - - Current 1.000 (0.095) - -

Even split 0.817 (0.078) - - Even split 0.817 (0.078) - -

Election + 1 1.020 (0.097) 0.954 1.110 Election + 1 0.985 (0.094) 0.920 1.073
Election + 2 1.611 (0.154) 1.544 1.691 Election + 2 1.286 (0.123) 1.216 1.372
Election + 3 1.625 (0.155) 1.542 1.715 Election + 3 1.354 (0.129) 1.279 1.444
Election + 4 1.449 (0.138) 1.369 1.544 Election + 4 1.334 (0.127) 1.265 1.416
Election + 5 1.625 (0.155) 1.552 1.719 Election + 5 1.609 (0.153) 1.535 1.703
Within-election 0.931 (0.460) 0.926 0.935 Within-election 0.931 (0.460) 0.926 0.935
Shift 0.325 (0.031) 0.294 0.367 Shift 0.357 (0.034) 0.325 0.399

Notes: The table reports the statistics plotted in each given panel and figure, with absolute (rather than
relative) values in parentheses.
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E Issue Positions and Salience Data Description
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