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Abstract

Political scientists forecast elections, not primarily to satisfy public interest, but to
validate statistical models used for estimating many quantities of scholarly interest.
Although scholars have learned a great deal from these models, they can be em-
barrassingly overconfident: Events that should occur once in 10,000 elections occur
almost every year, and even those that should occur once in a trillion-trillion elec-
tions are sometimes observed. We develop a novel generative statistical model of US
congressional elections and validate it with extensive out-of-sample tests. The gener-
atively accurate descriptive summaries provided by this model demonstrate that the
1950s was as partisan and differentiated as the current period, but with parties not
based on ideological differences as they are today. The model also shows that even
though the size of the incumbency advantage has varied tremendously over time, the
risk of an in-party incumbent losing a midterm election contest has been high and
essentially constant over at least the last two thirds of a century.
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1 Introduction

Political scientists have studied democratic elections over most of the history of our dis-
cipline, producing an extensive, high quality, and steadily improving scholarly literature
with few equals across scholarly fields. Statistical studies of actual district-level election
returns — including causal effects, counterfactual analyses, forecasts, and full generative
models of numerous phenomena — supplemented by a wide variety of other approaches
— such as intensive interviews, survey research, participant observation, archival work,
and historical analyses — have produced an enviable record of reliable knowledge about
the workings of this crucial democratic institution.

Yet, quite often, commonly used statistical models are spectacularly wrong. This is
easiest to see in election prediction, where rigorous out-of-sample evaluations are unfor-
givingly obvious, and a major concern even when prediction is not the immediate goal.
Although standard models do remarkably well much of the time, and have taught us a
great deal, they are embarrassingly far off with regularity. These mistakes are not ordi-
nary errors of ordinary magnitudes. Our best models indicate that certain events we see
regularly should be rarely observed even if we had data from a trillion elections and some
from even a trillion-trillion elections.

The intrepid political scientists who give media interviews after elections take one for
our team trying to explain this to the public. But pretty much the best they can do is to say
something like “Oops!. .. We Did It Again” and to explain that voters get to cast ballots for
whomever they want. However, we all know (to paraphrase Britney Spears again) we’re
not that innocent. Errors of such magnitude are not merely mistakes. They are bugs in
our logic, our models, our forecasts, our conclusions, our textbooks, our advice, and our
public pronouncements — similar to what we would think if we built a computer program
to forecast the Democratic vote proportion, hit run, and it played a video of a galloping
giraffe. This is not a missed forecast; it’s the wrong model. And models that do so badly
when they are vulnerable to being proven wrong, as in prediction problems, do not inspire
confidence when applied to other tasks more difficult to evaluate and of more interest to

social scientists, such as causal inferences or generatively accurate descriptive summaries.



We aim to learn some fundamental characteristics of electoral democracy through a
validated generative statistical model capable of estimating many of the diverse quanti-
ties political scientists find of interest. These include descriptive quantities — such as
the probability of an incumbent losing, the odds of a competitive election, the expected
vote of the median house seat, partisan bias, electoral responsiveness, among others —
and, with appropriate additional assumptions, causal and other counterfactual inferences.
Only a generative model can provide sufficient generality to estimate all these and other
quantities, along with accurate uncertainty estimates, which is unlike approaches better
for more specific purposes, such as via model-free, distribution-free, machine learning,
or semi-parametric approaches. Such a model should also be capable of making elec-
tion forecasts, but we (and most other political scientists) are not especially interested in
forecasting in and of itself (except as citizens to participate in the fun and public inter-
est leading up to an election). After all, from an academic perspective, the best method
of forecasting is well known: just wait a bit. However, ensuring that we have a useful
model requires that it be made vulnerable to being proven wrong in as many ways as pos-
sible, for which forecasting — along with leave-one-election-year-out cross-validation —
1s essential.

We thus build a new general purpose statistical model and validate it with extensive
out-of-sample tests in 14,710 district-level US Congressional elections, 1954-2020. We
show that, unlike standard approaches, estimates from this model are correctly calibrated,
meaning that its probability estimates are accurate representations of empirical frequen-
cies. Some of the generatively accurate descriptive summaries from this model reveal the
rich complexity and dramatic changes in the landscape of US Congressional elections,
including a reinterpretation the 1950s as very similar to the present day, except with par-
ties then based on social-psychological groups rather than ideological distinctions. They
also suggest an optimistic conclusion about a central feature of American democracy: Al-
though, the marginals sometimes vanish and incumbency advantage sometimes soars, the
probability of that incumbents losing their seats has been quite high and essentially un-

changed over our entire sample period. Of course, the same model can be used to estimate



numerous other quantities.

We describe the standard model and our proposed alternative in Section 2, perform
many out-of-sample evaluations in Section 3, and give substantive findings and even sug-
gest a broader theory of congressional elections consistent with these results in Section
4. Section 5 describes the broader methodological implications of generatively accurate

descriptive summaries.

2 Statistical Models of District-Level Elections

We summarize the standard model used in the literature (Section 2.1) followed by our
proposed alternative (Section 2.2). We construct our alternative approach to incorporate
more substantive knowledge of elections, to simultaneously analyze more elections, and
to attend to more of the known statistical issues than previously possible, all within a
single Bayesian model. This led us to jointly estimate, integrate over, and represent the
uncertainty of 3,567 parameters, including coefficients, missing cell values, uncontested
districts, and random effects terms.

One of the reasons our approach has not been tried before is that it would have been
computationally infeasible even a few years ago. With highly tuned computational algo-
rithms we developed on a new server (with 20 cores and 128gb of RAM, and software
tuned specially to this hardware), we are now able to complete one run of our model on a
decade of congressional elections data in only about twenty minutes, although a full anal-
ysis of all our data with calibration and strictly out-of-sample evaluation requires about
48 hours of model run time generating about 44gb of output. Along with this paper, we
are making available easy-to-use open source software that implements all our algorithms

and methods.

2.1 Standard

The outcome variable for modeling US congressional elections is the Democratic pro-
portion of the two-party vote, v;; for district 7 and election (time) ¢. The standard model

is a linear-normal regression of v;; on a vector of K covariates X;;, with estimation con-



ducted for each election year ¢ run independently. For most applications in the last quarter
century, an independent normal district-level random effect (constant over hypothetical or
real elections but varying over districts) is added to the regression to model the politi-
cal uniqueness of individual districts (Gelman and King, 1994, implemented in Judgelt
software).

The specific content of the covariates varies some by application but, to fix ideas and
for the analyses below, we define X;; to include a lagged vote share (v;;_;), incumbent
party (the party that won the previous election, with 1 for Democrat and O for Republican),
incumbency status (1 if the Democratic candidate is an incumbent, O for open seat, and
—1 for a Republican incumbent), uncontestedness (1 if a Democrat runs uncontested, O if
contested, and —1 if Republican runs uncontested), an indicator for the old confederate
states, and a presidential midterm penalty (coded 1 if ¢ is a midterm year and the incum-
bent party in district ¢ matches the president’s party in that midterm and O otherwise).

We summarize this model as

Vit NN(MitaUQ) (1)

it = XS + Vi

where f3; is a vector of K linear regression effect parameters, v; ~ N (0, 03) is an inde-
pendent normal random effect with variance 0’3, > 0, and o2 is the variance of the usual

homoskedastic regression independent normal error term.

2.2 Proposed

We now build on the standard model to develop our proposed approach. We keep the same
flexibility in choice of covariates within a fully Bayesian framework, but in three steps
we describe our changes. First, in Section 2.2.1, we provide a qualitative description of
model components we designed to reflect knowledge from the literature on elections that
had been excluded from the standard approach. Second, in Section 2.2.2, we put together

these components into a single Bayesian model, but for expository purposes focus only

'Instead of directly estimating ~; and modeling multiple elections together, which would have been
computationally difficult in the 1990s, Judgelt analyzes one election at a time, after a preprocessing step to
estimate how much variation should be attributed to this random effect.



on the simple special case where all elections are contested. Finally, in Section 2.2.3, we
allow district elections to be either contested or uncontested.

See Appendix A for the full likelihood, Supplementary Appendix 4 for computational
details, and Supplementary Appendix 2 for a set of “ablation” studies that, by sequen-
tially removing each model component, demonstrates how all components are essential to
the performance we achieve. Supplementary Appendix 5 considers alternative modeling

assumptions.

2.2.1 Novel Model Components

Error terms in statistical models are designed to represent “known unknowns,” features
that reflect political scientists’ knowledge of elections too difficult to code in the covari-
ates. For example, the error term in Equation 1 allows for district uniqueness by adding
a random term ~y; to model the persistence of this uniqueness for any one district 7 over
time, beyond changes due to X. For example, Minnesota’s 7th Congressional District has
long been more Republican than the nation as a whole, favoring Donald Trump in 2016
and 2020 by about 30 percentage points. Yet, Democrat Colin Peterson won this seat from
1991 to 2021 because of his personal brand and unusual political preferences, opposing
abortion and supporting the border wall, but (perhaps accounting for how he wins the
Democratic nomination) highly progressive economic views.

We now add to this model four other “known unknowns,” modeling features that re-
flect valuable substantive political information well understood by students of elections
or observable in the data but rarely modeled directly. First is covariate effect stability:
By varies relatively little over time. For example, the incumbency advantage might range
between two and ten percentage points, with only rare sharp changes over time. Simi-
larly, the coefficient on the lagged vote is usually in the range of [0.6,0.8]. We add this
feature to the model by (a) modeling all elections within a “redistricting regime” (i.e.,
all elections for which the district geography remains unchanged) simultaneously rather
than independently, and (b) assuming that each element /3;; of vector /3; (corresponding to
covariate k, k = 1, ..., K and time t) comes from the same distribution S, ~ N (B OB, )

where 05, < o0o; in contrast, estimating each equation separately and independently, as in



the standard approach, is equivalent to setting g, — o00. (The notation B is a shorthand
reference to empirical Bayes, meaning that this distribution shrinks different covariate ef-
fects in the same redistricting regime toward the estimated mean without favoring one’s a
prior guess; this is equivalent to a fully Bayesian model with the mean in the null space;
see Girosi and King 2008.) The idea here is to borrow strength for the estimate of each pa-
rameter in each year from the estimation of the same parameter in other years, but without
the rigidity and potential bias that would come from a more “informative” prior. This will
be especially valuable in smaller legislatures, such as many state assemblies and senates
and the class up for election in the US Senate.?

Second, we allow for positive cross-district covariances by adding a random national
swing term, 7, that allows all districts in one election to be affected in roughly the same
way by the same national event, over and above the information in X. For example,
the 1994 Republican national congressional campaign strategy (known as the “Contract
With America”) seemed to be a successful heresthetical maneuver (Riker, 1990; Shepsle,
2003) that moved all the districts in the Republican direction by approximately the same
amount. Although we cannot know ex ante what any one national swing will be, we can
estimate the variation caused by the national swings, which we know occur regularly, and
represent this uncertainty in the model with a common random effect for all districts. The
result is the well known “approximate uniform partisan swing” pattern common across
time periods, electoral systems, and even countries (Katz, King, and Rosenblatt, 2020).

Third, we model district-level political surprises, including intentional heresthetical
maneuvers and unintentional exogenous political events that affect one district’s vote at a
point in time differently than others and are not included in X. Consider for example the
election in Texas’ 22nd district in 2006. Tom Delay was the popular Republican House
majority leader from the district, regularly winning election by 35 or more percentage
points. During the campaign, he was indicted and abruptly resigned. Worse for his party,
the deadline to field a candidate on the ballot line had passed and so his party could only

field a write-in candidate late in the campaign. The result was that this overwhelmingly

2We could elaborate this assumption by allowing f3; to trend linearly, as a random walk, or as a function
of other covariates, but we find no evidence for these alternative approaches in our data.



Republican district elected a Democrat over the Republican write-in candidate by over
8 percentage points. Equation 1 already includes the usual normal error term that can
be used to model surprises, but a normal distribution indicates that deviations from a
prediction this large would happen so infrequently that it would almost never be observed.
Of course, as every election observer is aware, these surprises happen regularly, even if
we do not know which ones will occur. As we explain below, we will therefore swap
out the normal distribution for one that can more appropriately represent these political
surprises, also keeping predictions within the [0,1] interval.

Finally, the normal distribution used in the standard approach turns out to be inad-
equate for two reasons. The first reason is that, although it often works well when the
mean or average vote outcome is of interest, it fails miserably for most other aspects of
the distribution, such as for uncertainty estimates or the probability of a close election or
of one party winning. The second reason is that the normal tail implies that big surprises
should almost never occur, meaning that it also gets the concentration around the mean
wrong. To fix these problems, we use the additive logistic Student ¢ (ALT) distribution,
which, unlike the normal, constrains the vote proportion to the [0,1] interval and also has
appropriately fatter tails to represent surprises. In addition, the ALT distribution has the
simultaneous advantage of having more of its density concentrated near the mean, mak-
ing the mean (and the covariates that account for its variation) more informative at the
same time as it is accounting better for surprises.’ The ALT distribution thus allows more

informative predictions to coexist in the same model with the possibility of huge surprises.
2.2.2 The Model, with Fully Contested Elections

We now combine all the features described above in one model, reusing the notation (and
redefining symbols) from Section 2.1. For expository simplicity, we imagine until the

next section that all districts are contested. Thus, let

Vg ~~ ALT(,Uita be» Vt)7 2)

SRoughly, the ALT is the implied distribution on v (and so restricted to the [0,1] interval) when the ¢
distribution is applied to the (unbounded) logistic transformation of the vote In v;; /(1 — v;;). For technical
details, and extensive evaluations in multiparty elections, see Katz and King (1999).



pir = XSy +vi +m 3)

where the variance is decomposed by the ALT for additional flexibility into scale ¢ and
degrees of freedom v, parameters (as v, — oo, the ALT approximates the additive logistic
normal). The systematic component for the conditional expected value includes three
independent random effect terms for covariate effects, district uniqueness, and national

swing, respectively,
ﬁtkNN<Bk7O%k.)7 PYlNN(Ovo'?/)v ntNN(O,O'?]),

for k = 1,..., K covariates, ¢« = 1,...,n observations, t = 1,...,7T elections, and
diffuse priors chosen for estimation convenience (see Appendix 4).

For intuition, we consider the voting data on the logistic scale by letting y;; = In[v; /(1—
vie)] = pir +wir = Xt + i + M + wi, with error term w;; = Infv; /(1 — vi)] — pis
which Equation 2 indicates is is ¢ distributed. This enables us to see, first, that national
swings induce a positive covariance between any two districts ¢ and j (i # 7) for each
election year t: Cov(yi, yj¢| Xit, Xjt, Br) = a% > (. This setup also makes clear that the
random district uniqueness term -; induces a positive covariance for election outcomes
in any one district 7 at two times ¢ and ¢’ (within the same redistricting decade), over and
above differences due to X: Cov(yir, yirr | X, Xiv, Br, Bv) = 03 > 0.

As with the standard approach, some covariates one might put in this model vary over
¢ and t (e.g., the lagged vote, v;;), some vary only over ¢ (e.g., the confederate states
indicator), and some vary only over ¢ (e.g., presidential approval). A random effect can
also be excluded, which can be useful when little information exists such as for covariates

of the last type when 7" is small.
2.2.3 The Model, Allowing for Uncontested Elections

In the standard approach, the vote in uncontested elections is often recoded to fixed val-
ues such as v;; = 0.25 for Democrats running uncontested and v;; = 0.75 for Republicans
running uncontested, or sometimes uncontested elections are deleted entirely. We instead
formally distinguish between the observed vote v;; and the effective vote v}, defined as

the vote proportion that would be observed if the election had been contested (e.g., King



and Gelman, 1991). The effective vote is observed v}, = v;; in contested elections but
unobserved if one party runs unopposed. We then impute unobserved values (for un-
contested elections) during Bayesian estimation simultaneous with the rest of the model.
This approach includes all the information available and accounts for all uncertainty in
the imputation.

To model v}, when unobserved, we replace the outcome variable v;; in Equation 2
with the effective vote, and add a “censoring assumption”: candidates who run unopposed
would have won even if the election were contested. This assumption is intuitive, probably
accounts for why the district was uncontested in the first place, and is a special case of the

assumption made by Katz and King (1999). We then replace Equation 2 with
Vi ~ ALT (1, 1, v4), )

and write the likelihood function for an election district that is fully contested as ALT (v;; |
Wit, d2, 1), for a district where a Democrat runs uncontested as v;; = 00'5 ALT(v* |
tit, @2, v )dv*, and for a district where a Republican runs uncontested as 1 — v;;. The
integral implements the censoring assumption.

The model contains one additional feature: When the lagged effective vote is used as
a covariate, it too can be unobserved, which adds another level of modeling complexity.

We describe this feature, along with the full likelihood, in Appendix A.

3 Evaluation

We now evaluate both the standard linear-normal approach and our proposed additive lo-
gistic t model with contemporaneous correlations, or LogisTiCC for short. We do this
by summarizing the models’ statistical properties (Section 3.1), comparing the probabili-
ties of rare events from each approach to actual elections (Section 3.2), and studying the

models’ confidence interval coverage (Section 3.3).

3.1 Statistical Properties

As political scientists have long understood, the linear-normal model can reveal important

information about elections, when its specification is correct or close to correct. The



standard modeling approach is not formally a limiting special case of the LogisTiCC
although it can be thought of as an approximation in some situations. For one, as with
all potentially misspecified models, point estimates from the linear-normal model will
choose the distribution closest to the true data generation process (in the sense of the
Kullback-Leibler information criterion; see White 1996) even if the data come from the
LogisTiCC. In addition, if the linear specification is correct, both the normal and the
LogisTiCC models will produce similar (and approximately consistent) estimates of (the
same) [3.

Unfortunately, given the covariance structure of the proposed model, estimates from
the normal will be highly inefficient relative to the LogisTiCC, if data come from the
model we are putting forward that would seem to better represent the knowledge of elec-
tion experts, and standard errors of 5 will be incorrect. However, most quantities of
interest other than (3, such as even the probability of a candidate winning an election, will
be statistically inconsistent under the normal but consistent with the LogisTiCC.

As we demonstrate, a key problem with the linear-normal model is its incorrect inde-
pendence assumptions, leading to substantial false precision in its uncertainty estimates
(confidence intervals and standard errors that are too small). In contrast, the LogisTiCC
allows for dependence among elections held in the same district at different times and
among elections held in different districts on the same day. Correcting for this false pre-
cision leads to appropriately larger confidence intervals: the ratio of the nominal width of
LogisTiCC-to-normal confidence intervals is about 1.4 for district-level predictions and
about 5 for aggregate predictions such as the vote for the median house seat. (See Sup-

plementary Appendix 1 for details.)

3.2 Rare Event Probabilities

We analyze 28 years of US Congressional elections from 1954 to 2020, including a total of
14,710 district-level contests, with forecasts limited to the 10,778 contests that exclude the
first year of each redistricting decade. This large dataset enables us to conduct numerous
rigorous evaluations (cf. Grimmer, Knox, and Westwood, 2022), all of which we do out

of sample (so that no data from the election being predicted is used during calibration or
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estimation). In each analysis, we use either a one-step-ahead or leave-one-out forecast,
depending on context.

To begin, consider the probability of extraordinarily rare events under each model.
For illustration, we use the notion of moral certitude from the Enlightenment, which is
that events with probabilities smaller than 1 in 10,000 should be disregarded. (Because
demographers of the time observed that the probability of a healthy person dying in the
next day was smaller than 1 in 10,000 and does not seem to affect people’s behavior in
their daily lives, people act as if they are “morally certain” that these rare events will never
occur; see Kavanagh 1990; Buffon 1777.) Updating this (quaint) idea, we make predic-
tions for all elections in our dataset (except the first year in each redistricting decade)
and count the number of elections for which the vote proportion observed out-of-sample
appears outside a 99.99% (i.e., 1 — 1/10, 000) forecast credible interval. If the interval is
correct, we should observe about 1 in 10,000 outside the interval.

Figure 1 gives a count of these extraordinarily rare events (on the vertical axis) by elec-
tion year (on the horizontal axis) and for the normal model (in gold) and the LogisTiCC
(in black). As can be seen, the data dramatically violate the normal model’s predictions
in a disturbingly large number of elections. In the entire dataset of 10,778 elections, we
would expect to see only about one 1-in-10,000 event, but this claim is wrong by a fac-
tor of more than sixty, in that surprise events the model is morally certain will not occur
actually happened in 61 elections (and as many as 12 of the 435 elections in a single
year, 1958) (see also Gelman, Carlin, et al., 1995, Ch. 8). The figure also annotates some
of the points with the exact probability that we would expect to see these results under
the model. These forecasts are stunningly bad. The late Richard McKelvey was fond of
arguing that a fix for over-claiming in empirical work would be to require anyone report-
ing a p-value to take a bet with the implied odds (i.e., the reciprocal of the p-value to
one) against someone finding evidence to the contrary. Using this logic, a one dollar bet
against the linear-normal model’s claimed level of certainty would give an equal chance
of winning quadrillions of times more money than exists in circulation in all the world’s

currencies.
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Figure 1: Moral Certitude: Count of elections outside a 99.99 credibility interval for each
election year (with selected points labeled with the probability each model gives of seeing
this many 1-in-10,000 events). Separate calculations appear for the normal model (in
gold) and our proposed LogisTiCC model (in black).

In stark contrast, the black line in Figure 1 shows that only one of the 10,778 out-
of-sample observed election results are much of a surprise to the proposed LogisTiCC
model. All but one year has zero events and just one (in 1996) has one event with a modest
probability of 1 in 26.5, which is about what we would expect if the world generated all
the data according to this model.

Thus, for this measure of extraordinarily unlikely events, the out-of-sample perfor-

mance of our proposed model vastly exceeds that of the standard approach. We now
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show that this result is general in that the probabilities from our model, but not the nor-
mal, are well calibrated, meaning that for example when the model predicts that a certain
event will occur with a 30% probability, that event actually occurs in about 3 of every 10
elections, and so on. We do this, for each election and model, by first computing the (out-
of-sample) probability of a competitive outcome (which we define as v;; € [0.45,0.55)).
We then sort these probabilities into bins, [0, 0.1], (0.1,0.2], (0.2,0.3],..., separately for
each model, and plot them in Figure 2, as follows. For each model, we plot a dot with
a horizontal coordinate as the average of the estimated probabilities of elections in a bin
and the vertical coordinate as the number of (out-of-sample) elections in the same bin that
are in fact observed to be competitive. Dots for a perfectly calibrated model should fall

approximately on the 45 degree line.
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Figure 2: Calibration: Predicted out-of-sample probabilities (horizontally) by observed
frequencies (vertically).

As Figure 2 demonstrates, the dots computed from the LogisTiCC bins (in black) are
all close to the 45 degree line, and hence well calibrated. In contrast, those from the
normal (in gold) substantially deviate from the 45 degree line of equality as the predicted

probability of a competitive election gets higher. In other words, the normal model fails
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most dramatically in elections that are most politically important, the competitive ones.

3.3 Coverage

We now study, in three ways, the properties of credible intervals computed from the stan-
dard and proposed models.

First, we plot in Figure 3 a time series of one of the most consequential quantities of
interest in US politics — the Democratic proportion of the vote of the median seat in the
House of Representatives (see the red stars). Then, for each year and model, we omit
this year from the dataset and compute a point forecast and 95% out-of-sample credible
interval around it. These appear in gold for the normal and black for the LogisTiCC.
In addition to the LogisTiCC intervals being longer than for the normal because of the
normal’s false precision, the LogisTiCC intervals should be interpreted differently. First,
recall that a ¢-based interval has both fatter tails to accommodate surprises and more
concentration of density near the mean than the normal (making the mean prediction
more informative). Second, the LogisTiCC intervals are accurate (See Figure 2) whereas
the normal intervals are overconfident. This can be seen because in these out-of-sample
tests, we would expect a well calibrated model to miss only about 1.4 elections, but the
normal misses 20 of 27. In contrast, LogisTiCC’s predictive confidence interval captures
the observed outcome every time.

Second, for each model, we compute a 95% out-of-sample credible interval around
every individual district’s vote share and tally up the percentage of districts that interval
captures. Our results appear in Figure 4, with time on the horizontal axis and the percent
coverage on the vertical axis (again with normal in gold and LogisTiCC in black). A
properly calibrated model should capture 95% of districts which, aside from estimation
error, should be at the flat black line near the top of the figure. This is the case for the Lo-
gisTiCC, which has well calibrated intervals. In contrast, the normal interval substantially
deviates from capturing 95% of the elections in all but a few years.

Finally, we evaluate our distributional assumption (a compound error term with ran-
dom effects and an additive logistic ¢ distribution). To do this, we use methods of “confor-

mal inference” that offer guarantees of accurate distribution-free finite sample coverage
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Figure 3: Expected Vote Share of the Median House Seat (95 Percent Credible Interval)

even under model misspecification, for any predictive model, and so we use it to check
for misspecification in our model (Vovk, Gammerman, and Shafer, 2005). (Intuitively,
the method works by computing confidence intervals based on errors from previous years’
forecasts, assuming primarily that the data generation process is exchangeable conditional
on the covariates.) In Figure 4 we add conformal confidence intervals (in red). We first
confirm that the conformal intervals have accurate coverage, as designed, which we can
see as the red line varies around the flat 95% line across the years. More relevant for
our purposes is the comparison between the fit of the red and black lines to the 95% line.
This comparison indicates that the LogisTiCC has approximately the same high quality
coverage as these distribution-free intervals. These results thus provide evidence for the
veracity of our distributional assumptions and for our Bayesian model as a generative

model of US congressional elections data.
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Figure 4: Coverage under Each Model at the 95 Percent Level
4 Electoral Implications

We use our model to compute generatively accurate descriptive summary statistics. First,
in Section 4.1, we characterize election variation as falling into three regimes, at the start,
middle, end of the 66 years of our study, and how elections throughout are powerfully
driven mostly by national rather than local swings. Second, Section 4.2 builds on the first
section with an empirical theory of congressional elections consistent with our empiri-
cal results and prior literature that tries to strip out several under-appreciated normative
assumptions. Section 4.3 then focuses on a key feature of American democracy, the prob-

ability of an incumbent loss, and shows that it is essentially constant over time, despite
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well known huge changes in the incumbent’s expected vote advantage.

4.1 The Three Regimes of Election Prediction Variability

Our model decomposes election variability into district uniqueness, national swing, co-
variate effect stability, and political surprises, in addition to well known covariate effects.
As Section 3 shows, these parts of the model provide far better fit to congressional elec-
tions data, making for accurate out-of-sample forecasts, uncertainty intervals, and cali-
brated probabilities. We now turn to the large scale patterns this modeling strategy reveals
in congressional elections, leaving most of the substantive implications to the following
sections.

First, we begin with an intuitive summary measure of the overall patterns in congres-
sional elections data that we call vote concentration, the proportion of the vote probability
mass in the interval [0.45,0.55], for mean predictions of 0.5. As Figure 5a shows, the early
and late periods have high vote concentration, meaning that any one prediction conveys
more certainty and more information, whereas the middle years have substantially lower
concentration values, indicating that predictions in that period were of less (or more vari-
able) value. These are not small differences: A prediction of v = 0.5 plus or minus
five percentage points in the 1950s and the 2010s captures about 60% of likely voting
outcomes, whereas in the 1970s-1990s the same interval only captures 40% of these out-
comes.

Second, our results show that the national swing is far more important than the vari-
ation due to district uniqueness (even after accounting for the covariates), which is one
reason for strong time series patterns in voter concentration. To see this, we compute the
ratio of the standard deviation of the vote (on the logit scale) due to variations in national
swing relative district uniqueness: o, /0., = 0.2/0.036 = 5.6 (a ratio we find to be largely
stable over time). Campaign observers have long known that exogenous events and her-
esthetical maneuvers by individual congressional candidates in their district campaigns
can be important, but this result shows that exogenous national events and national-level
heresthetical maneuvers are more than five times as consequential as the sum of all the

individual district campaigns. All politics may well be local in its effect, but national level
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Figure 5: Model Features

political issues have a far bigger effect both nationally and locally than local issues (see
also Hopkins 2018 and Caughey and Warshaw 2022: Sec. 3.3).

Finally, we decompose the vote concentration results from Figure 5a by noting that the
ALT distribution partitions the overall variance into two parameters, the “scale” ¢, which
quantifies the amount of variation, and “degrees of freedom” v, which controls the shape
of the predictive distribution. Time series estimates of these parameters appear in Figures
5b and S5c, respectively. In both cases, we see a clear inverted U shape, revealing low
variability in electoral outcomes at the start (1950s—60s) and the end of the series (2000s—
2010s) and much higher variability in the middle years (1970s—1990s). The degrees of
freedom parameter is similarly low at the start and end of the period, indicating sharper
deviation from the normal with both longer tails and more concentration of density around

the mean prediction, and higher values near the middle, indicating lower concentration.*

4.2 An Empirical Theory of American Democracy

The literature on American elections is increasingly scientific, but it has not always made
its underlying normative assumptions transparent, which may have led to unrecognized

biases and missed opportunities. We first clarify this point and then turn to a reevaluation

“See Supplementary Appendix 6 for additional empirical evidence of the three regimes. Note also that
v = 6, the largest value in Figure 5c, still deviates substantially from an additive logistic normal, and both
deviate from the normal.
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of our empirical evidence.
Avoiding Normative Assumptions

Here we highlight the sometimes unrecognized philosophical assumptions in the liter-
ature. To do this, we begin with a simple characterization of American representative
democracy as a set of electoral rules that enables politicians to seek office by making pub-
lic appeals and voters to choose among the politicians. Importantly, the electoral rules
constrain neither the arguments politicians make nor the calculus voters use in choosing
candidates.

Political scientists and political philosophers have long layered on top of this simple
definition various normative assumptions that they either consciously justify as impor-
tant or effectively treat as facts. For example, scholars frequently ask whether voters pay
attention to the important issues of the day, but they too often presumptuously define “im-
portance” when in fact that’s the voters’ job. War, gun control, trade, unemployment,
inflation, taxes, abortion, energy policy, and others, may sound important to political
philosophers, but nowhere in American electoral rules do the normative preferences of
a bunch of academics get to determine how voters make their decisions.

Similarly, when we impose our normative preferences for what counts as consistent
positions across issues, voters may have a range of values of issue constraint from low
to high. In fact, however, issue constraint is always “high” by definition, once we recog-
nize again that the voters get to decide how much to count different issues in their voting
decision. If voters decide only personality is important, or being pro-choice is consistent
with support for the death penalty, no rule of American democracy is violated. Of course,
philosophers can take normative positions, and political scientists can evaluate them sys-
tematically, but when we take on board normative views as if they are fixed features of the
world, we can wind up with misleading conclusions.

These normative assumptions are so embedded in our empirical analyses that we can
even miss that they are assumptions. The problem may be easier to see in older liter-
ature, on which much of our present empirical work is built. For example, consider

the American Political Science Association’s famous report, “Toward a more responsi-
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ble two-party system” (APSA, 1950), which set the agenda for a generation of American
politics researchers. The leading political scientists of the time wrote that when party
positions and voter decision making are not based on the issues scholars deemed impor-
tant, then “Party responsibility at the polls thus tends to vanish. This is a very serious
matter, for it affects the very heartbeat of American democracy”. They even clarified that
“Those who suggest that elections should deal with personalities but not with programs
suggest. .. that party membership should mean nothing at all” (APSA, 1950). (We should
give the authors of this report a break, written as it was before most of the methodologi-
cal developments in the social sciences, but, from a modern perspective, the report reads
as breathtakingly reckless, with recommendations for numerous major reforms squeezed
into single sentences, and all based on unevaluated normative assumptions and little sys-
tematic evidence.)

We might also ask whether these normative assumptions are merely reasonable view-
points that no one would disagree with? After all, few have objected in the literature. For
that matter, who would object to the claim that voters should cast ballots based on gov-
ernment programs rather than personality or temperament? Well, as it happens, we live in
a representative democracy, not a direct democracy, and in most other situations where a
person needs to be selected to do a job, temperament is a crucial factor. Personality eval-
uations are routinely made for job searches throughout the economy, choosing a romantic
partner, picking an instructor, and in many other situations. Even if we could agree on
the important issues of the day, new issues always arise after election day that cannot be
the basis for voter decisions. In other words, one reasonable normative perspective is that
voting should be based at least in part on subjects other than policy issues and programs.
And whether we agree with this normative claim or not, it is perfectly consistent with the

rules of American democracy: The decision makers are voters, not political philosophers.
Empirical Evidence

In Section 4.1, we described Figure Sa as showing that the distribution of vote predictions
was just as concentrated around its mean in the 1950s as it is now, and much less concen-

trated for the years in between. From a casual reading of the literature, this result seems
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awfully surprising: Where does it say that the political parties were as coherent, internally
organized, and distinct from each other in the 1950s as they are today? The 1950 APSA
report was designed to fix the lack of coherence in the parties, after all. How can it be that
“the era of consensus,” with Eisenhower as president and the parties in broad agreement
over the cold war, economic prosperity, and support for international alliances like NATO,
was as partisan as the 2010s and 2020s, with the gulf in ideological differences so large
they seem impossible to span?

But wait, it’s worse! Consider a direct measure of ideological polarization over time
in Figure 6a, measured by a time series plot of the difference in DW-NOMINATE scores
between the median Democratic and Republican members of the House (see McCarty,
2019). This figure shows a nearly monotonic increase in ideological polarization over the
entire period, very low in the 1950s and very high in recent years. So why then would
Figure 5a imply that the 1950s were highly partisan? The answer is that the 1950s were
highly partisan, but the distinction between the parties was not based on the notions of
ideology that political scientists and political philosophers happen to think are important.
In fact, Figure 6a does not show that party polarization was at a low point in the 1950s;
it highlights the failure of the political science concept of ideology to accurately describe

this earlier period.

o
©
o

o
)
a

o
@
S

o
3
a

Democratic

Mean Party Agreement (%)

o o
o N
a o

Mean Voter Alignment (%)

Democratic

Median Ideological Party Difference

o o
o o
a o

=

o
o
=}

(a) Ideological Legislator Align-  (b) Party ID-Vote Agreement  (c) Legislator-Leader Party Agree-
ment ment

Figure 6: Ideological vs. Partisan Alignment

Scholars in the 1960s were aware of these patterns but they used them mostly to de-

clare their dissatisfaction with how voters make their decisions. The leading empirical
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book of the time, The American Voter (Campbell et al., 1980), showed empirically that
voters were intensely partisan, but not very informed on the issues these political scientists
decided were important. Of course, by definition, the voters were highly informed on the
issues they chose to pay attention to, which can be seen by their highly predictable voting
patterns. Voting decisions were based largely on partisan identification, which in turn was
based on stable and measurable factors like group identities, such as race, religion, and
union membership, and parental socialization.

We can also convey these basic empirical facts in simple time series plots. We do
this in Figure 6b, by plotting percent agreement between party ID and the vote in ANES
surveys, and Figure 6, for the percent agreement between members of the House and their
party leaders (among roll call votes where leaders of one party oppose those of the other
party). Both figures are characteristically U-shaped, mirroring our concentration graph
in Figure 5a. (Note that the nadir of the time series comes earlier in Figure 6 than 6b,
consistent with the idea that changes in voter behavior are mostly elite driven.)

Finally, note the asymmetry in the graphs we present here: for party differences, we
give results among voters (Figure 6b) and legislators (Figure 6), but for ideological dif-
ferences, we only present differences among legislators (Figure 6a). Why no graph for
ideological differences among voters? The reason is that ideology is an idea invented
by philosophers and used by political scientists; it was relatively unknown among voters
until recently. In fact, questions about ideology were not even asked in the American Na-
tional Election Survey until 1972 and even then prefaced with an explanation: ‘““You may
have recently heard a lot of talk about left/right...”. Ideology is a normative idea that

academics impose on voters, not necessarily one that voters chose to use themselves.

4.3 Changes in Incumbency Advantage, Stability in Incumbent Loss
Probabilities

Section 4.2 shows the consequences, in terms understanding or misunderstanding empir-
ical results, of substituting our own normative preferences for those of voters. In this
section, we show the consequences of choosing a quantity of interest that we happen to

find of interest and missing a related one of central importance for democracy. A funda-
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mental question for any democracy is the responsiveness of its legislators to constituent
preferences, and whether elections produce consequences for violating the voters’ will.
Mayhew (1974) famously noticed that this guarantee appeared to be breaking down in the
1970s given the decline in the number of competitive elections and what appeared to be
an increase in estimates of the electoral value of incumbency (see also Abramowitz and
Webster, 2016; Ferejohn, 1977). Studies of these “vanishing marginals,” and correspond-
ing increases in incumbency advantage (Gelman and King, 1990; Jacobson, 2015), were
a major concern to generations of scholars. However, win margins and expected increases
in incumbent votes, as important as they are in and of themselves, are only indirect indica-
tors of the relevant quantity — the probability that an incumbents will lose his or her job
in the next election. And it is the probability of losing one’s job that is likely to be the mo-
tivating factor in keeping incumbents responsive to constituents and the whole democracy
working. We show here that the broad regime changes in American politics described in
Sections 4.1 and 4.2 counteract the expected advantages of incumbency, leading to long
term stability in the risk of incumbents losing their seats. Moreover, this probability of
loss is not only stable, it has been high over the last two-thirds of a century and across
the three different electoral regimes we identify in Section 4.1, precisely because of the
patterns identified there.

We begin with the familiar electoral advantage of incumbency, plotted over time in
Figure 7a. For each year, the figure reports the expected vote for an incumbent minus
that for a nonincumbent, with all else held constant. If we add appropriate identification
assumptions, as in (Gelman and King, 1990), the vertical axis of this figure can be in-
terpreted as an estimate of a causal effect, the expected increase in the vote for a party
that comes solely due to nominating the incumbent for reelection as compared to the best
available nonincumbent willing to run. This incumbency advantage was about two per-
cent in the 1950s and 60s, increased to about ten percentage points in the 1980s, and then
dropped back down again to around two percent by the third regime after 2000 (as noted
by Jacobson, 2015).

Most of the information in incumbency advantage estimates comes from the difference
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Figure 7: Measures of Electoral Competitiveness

between the vote for incumbents and open seat candidates of the same parties. Each of
these two components are strong functions of the national swing in any one year, which
itself is of course closely related to the probability of an incumbent loss. This means that
the value of the incumbency advantage, based on the difference, is mostly unrelated to the
national swing. Thus, for clarity in Figure 7b, we give estimates from our model of the

probability of incumbent loss for in-party members during midterm years, where there
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is a well known large predictable negative national swing. The gold dots in this figure
represent the average incumbent loss probability for all in-party midterm incumbents each
year, with thick bars corresponding to the central 50% of the district loss probabilities and
thin bars capturing 95% of them (i.e., these are not confidence intervals, representing
uncertainty; they instead describe the distribution of district-level probabilities).

As Figure 7b reveals, the in-party midterm loss probabilities are large and variable,
but do not trend over time. The average probability of an in-party incumbent loss during a
midterm, represented by the horizontal gold line, is a substantial 20.6%. The vertical lines
through the dots indicate that many incumbents have much higher probabilities of losing
their jobs, which is indicated by the high end of the asymmetric intervals around the gold
dots. The other three logical subsets have much lower average loss probabilities; these
include in-party presidential in red, out-party midterm in black, and out-party presidential
in green. Although these other three subsets have very small average loss probabilities, the
competitiveness of the presidential election means that incumbents will sometimes wind
up facing voters with a remarkable one-in-five chance of losing their jobs. Of course,
nonincumbents in open seat races have much higher probabilities of losing and incumbent
challengers’s chances of losing are higher still. If you are or hope to be a tenured professor,
think of how much more you might pay attention to the chair of your department, review
committee, and students if every four or eight years one in five tenured professors where
summarily fired. Your laurels wouldn’t be very restful. Of course, this is excellent news
for the incentives American democracy provides to its elected legislators to be responsive
to their constituents.

Why, then, does incumbency advantage change so dramatically in Figure 7a even as
the probability of incumbent loss remains so stable in Figure 7b? Indeed, these seemingly
contradictory results are both computed from the same run of the same generative model.
The answer comes from the results in Section 4.1: When incumbency advantage is low,
near the beginning and end of our 66 year data set, variation is low and voter concentration
is high, meaning that even a 2 percentage point incumbency advantage has some substan-

tial value. When the expected advantage of incumbency rises to roughly 10 percentage
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points in the middle of the period, the concentration and thus the value of that expected
vote decreases by twice as much (from about 60% at the start and end, to only 40% in the
middle, of Figure 5a). This increasing variability means that incumbents see little actual
reduction in their probability of losing office. Getting a bonus of 10 percentage points
(because you’re an incumbent) may seem comforting, but if this “bonus’ also comes with
a much larger random component its value is degraded (see also Jacobson, 2015).

Finally, we summarize the consequences of these probabilities for the in-party’s loss
of votes in Figure 7c, and seats in Figure 7d. The average loss during midterm elections,
represented by the gold flat lines, reflects about an 8.1 percentage point vote loss (+2.3
points, a 95% CI) and 8.8 percentage point seat loss (1.7 points). These average effects
are substantial, but do not miss the occasionally large and highly asymmetric confidence
intervals in Figure 7d, meaning that we should also expect occasional extremely large
in-party seat losses.

Consistent with Figure 7b, we also see little to no in-party vote or seat change during

presidential years, which is reflected in the black dots and lines in Figures 7c¢ and 7d.

5 Generatively Accurate Descriptive Summaries

We attempt in this paper to build generatively accurate descriptive summaries of our data,
reducing the tremendous complexity of American politics and congressional elections to
understandable summaries computed from a single internally consistent statistical model.
While the cost of working with generative models is the modeling assumptions, the ben-
efits include rigorous out-of-sample validation (see Section 3) and a far richer range of
substantive political science questions that can be tackled, a topic we take up in this sec-
tion.

Description is sometimes regarded as separate from inference and unaffected by the
usual threats to proper statistical analysis (i.e., often as long as you say you’re doing
“mere” description, anything goes). In practice, however, the best descriptive summaries
are those vulnerable to being proven wrong (and then ideally not actually wrong) and tai-

lored to the many precise questions of substantive interest. In fact, descriptive summaries
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are essential to addressing the breathtaking range of questions of interest to social scien-
tists. Scholarship should not be limited to quantities that happen to be computationally or
statistically convenient, or those in whatever methodological area happens to have made
progress lately (such as causal inference in recent years; see Supplementary Appendix 7).

We outline in this section some of quantities that can be estimated from a generatively
accurate model and explain how they can be used to enrich political science research.
As inference is simply “using facts we know to learn about facts we do not know,” we
characterize the types of quantities we may wish to estimate by first detailing both the
“unknowns” that may be of interest and then the “knowns” we have available to condition
on. We characterize the unknowns in three ways. First, the location of an unknown is
where the values are of the outcome variable that we want to know. This may involve a
“forecast”, i.e., into the future; “farcast,” i.e., to an election in the present or past not in our
dataset (such as for a different office or country); “nowcast”, i.e., to unobserved features
of elections in our dataset (such as the posterior distribution for a district vote, only one
value of which is observed, as in posterior predictive checks); or even a “faroutcast,”
which refers to values of the outcome variable under counterfactual conditions (such as if
no incumbents had run). Second is the level of aggregation of the quantity of interest, such
as for district-, state-, regional-, or national-level statistics, or features of non-geographic
groupings like all Democratic districts or all those without an incumbent. Finally, our
quantities of interest involve a concept, such as partisan bias, electoral responsiveness, the
probability that an incumbent will lose, the expected vote in a district, or the district vote
of the median legislator.

Quantities of interest always condition on three types of features that are either known
or, in the case of counterfactuals, assumed known. These include (1) the choice of co-
variates and their values for unknown quantities; (2) keeping, removing, or zeroing out
random effects; and (3) keeping, removing, or adjusting surprises (such as to focus only
on the expected value or other features of the posterior). We explain how to make deci-
sions for choosing quantities of interest, such as those given in Section 4, and how to mix

and match the location, level, and concept of the unknowns with the covariates, random
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effects, or error term surprises to condition on.

Consider estimating the probability that a Democrat wins a particular district 7 in elec-
tion year t. The simplest case is a “nowcast”. Here we are interested in the ex ante
probability that the Democrat would this district election, which in fact we have already
observed (ex post). To do this, we set the values of X to their observed district values.
For example, suppose the lagged vote for the Democrat incumbent is 74%. We might
then consider setting ;. = 6;k for all k covariates, and v; = ; and 7, = 7, for the
random effects. Of course, we do not know any of these numbers for certain ex ante and,
therefore, we would choose instead to include estimation uncertainty in our estimate of
the probability that the Democrat would win this district. Thus, instead of fixing these
parameters at their point estimates, we draw them from their posteriors, centered on the
estimated values. Then, suppose we take 1,000 draws from this posterior; to generate our
model-based “nowcast” of v;;, we then multiply each of these draws by the relevant X
and add the draw of the district effect and national swing. We then run this sum through
the inverse logit function to get a hypothetical draw on the scale of votes. This generates
1,000 hypothetical draws of v;;. To estimate the probability a Democrat wins the district,
we then simply count up the fraction of the draws greater than 0.5.

For forecasting, the choices about how to construct generatively accruate descriptive
statistics is more flexible, and thus more complicated. Consider the simplest case. If all
we want is a one-election-ahead forecast, we still have a number of important decisions to
make. For example, how do we set the covariate values? If it is the next election, we have
observed the lagged vote, so that is straightforward to use, but what about incumbency?
Do we know yet if the current incumbent will run again? If so, we could use that value.
But if we are making the forecast well before the election, and do not know this yet, what
value should we use? We could assume they all run, or some randomly selected proportion
run again. Perhaps, however, it is better to consider what would happen if the district
were open? Regardless, the analyst must choose some value relevant to the question at
hand, and must realize that this choice changes the question we are answering. In fact,

the differences in forecasts across these assumptions may be of considerable substantive
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value.

We also have important decisions about the district effect, ;. If this is were only
one election ahead, and we do not think much else has changed, then we may want to fix
~v; = ; as we did in our “nowcast” above. However, we surely do not know [3;;. So instead
we need to use draws of it from [y, ~ N( Bk, U%k). This will add additional uncertainty to
our forecast, but is otherwise similar to our “nowcast”. And we are unlikely to know the
national swing and so must make a parallel choice about 7,. Given all these assumptions,
we can then generate our hypothetical election draws and calculate the fraction of times
the Democrat wins as our prediction as a probability.

Perhaps the most difficult set of choices comes from in making a “faroutcast”, as for
example, when we want to forecast what would happen in a new legislative map following
the implementation of a proposed (or perhaps recently passed) redistricting plan. Here,
the covariate choices are not obvious. First, we generally will not know where incumbents
will be, but perhaps we can make some educated guesses. Alternatively, we might assume
all seats are open to obtain a baseline probability that a Democratic candidate could win
the seat. Harder yet, is what to do about lagged vote, which is giving the model a measure
of the normal vote in the district. We could use precinct level returns for the previous
election, subtract out the incumbency advantage and uncontestedness, aggregate into the
new districts, and then add back in the incumbency advantage for districts where the
decisions of incumbents and challengers is known. Or perhaps we could use presidential
vote, or some average of statewide votes re-aggregated in the new district map. These
constructed measures would be needed in the original model or in a separate model that
imputes lagged vote from some statewide measures. Also, as with our forecast, we do do
not know [, ¥;, or ;. And as before we could then generate our hypothetical election
draws and calculate the fraction of times the Democrat won.

The flexibility of the model easily enables one to calculate even more sophisticated
quantities of interest. For example, one of the largest sources of uncertainty in election
predictions is the national swing. We can thus draw 7, directly from its posterior. Alterna-

tively, we can model the parameters of the 7, prior with national-level covariates, such as
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unemployment, presidential approval, or whether the country is at war. Yet another option
is to fix it at the value of some previous election that seems similar to the current one.

By combining the location, level, and concept for a quantity of interest and fine tuning
by making choices about the covariates, random effects, and surprises, accurate generative
models like the one we describe here can reveal a vast amount about American elections,

far richer than any one specific estimate or data analysis on its own.

6 Concluding Remarks

Commonly used models of district-level election results have enabled political scientists
to learn a wide variety of information about American legislative democracy. But the ob-
servable implications of these models fail spectacularly quite often in ways that should
almost never happen. We build on this existing approach by adding features of elections
political scientists have learned over the years, and building on new statistical and com-
putational technology not previously available. We validate our approach with extensive
out-of-sample (and distribution-free) tests in 14,710 district-level elections. Our genera-
tive model is general in that it can be used, with the appropriate additional assumptions
and covariates when necessary, to estimate almost any quantity of interest in the litera-
ture, and others, all with calibrated (i.e., accurate) probabilities and honest uncertainty
intervals.

We apply the model to estimate one of the most central requirements of any repre-
sentative democracy — the extent to which legislators have a serious chance of losing re-
election. We reveal this number to be quite high and remarkably constant over more than
half a century, a time period which we show has seen dramatic changes in many other
important characteristics of electoral politics such as the incumbency advantage. We then
build a more general model of American democracy consistent with these findings.

Further growth in computational power may one day enable feasible estimation of
joint generative models that enable a richer substantive portrait of the electoral system,
such as conducting modeling at the precinct-level to include redistricting periods, or en-

compassing other elections such as for the US senate, president, and state legislatures.
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With a continual focus on rigorous out-of-sample validation, and larger generative mod-
els, it may even be possible, one day, to estimate these simultaneous with other sectors of
society such as the economy, demography, public policy, and public health, or potentially

data from other countries.

Appendix A  Statistical Details

This appendix provides the full likelihood function for our model, including all the fea-
tures described in Section 2.2, as well as situations where the effective vote is both in-
cluded in the model as a lagged covariate and unobserved (because previous election was
uncontested).

To write the full likelihood function, define an uncontestedness indicator U;; as 1 if
the Democrat runs uncontested, O if contested, and —1 if the Republican runs uncontested
in district ¢ and time ¢. Then partition elections into four sets depending on whether the
current election 7, ¢ and its lag ¢, — 1 are contested or uncontested. Denote CC as the set
of all elections for which U;; = 0 and U;;—; = 0; UC as the set of elections for which
Uix # 0 and U;;—; = 0; CU as the set of elections where U;; = 0 and U, ;1 # 0; and
UU as the set of elections for which U;; # 0 and U; ;_; # 0. Then the likelihood function

factors into four parts corresponding to these sets:

p= | T o) (T we) (T o) (T ] o

ite{CC} ite{UC} ite{Cu} ite{UU}
each of which we now define.

The first component of the likelihood, for when election ¢,¢ and 7,7 — 1 are both
contested, is by far the most prevalent for the US congress. The likelihood for observation
i,t is then simply

LSS = ALT (vy | prie, 07, i) (6)

The second component of the likelihood accounts for which party is running uncon-
tested at time ¢:

Lﬁc =1(Us = D) + L(Uir = —1)(1 — tur), (7
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where our censoring assumption from Section 2.2.3 implies that v; = 00'5 ALT(v* |
wit, @2, v )dv*, given the indicator function defined as 1(a) = 1 if a is true and 0 other-
wise, for any statement a.

To write the third component, where the lagged value of the effective vote is unob-
served (because it is uncontested), we require a prior distribution for how this variable
is distributed. The posterior will be computed from the entire model, but to begin we
need an assumption about this prior. One option is to let v;, ; be a censored ALT when
unobserved (and equal to v;; when observed) but this creates a substantial computational
burden with little substantive benefit. Instead, we find we can represent almost all rel-
evant information by assuming that, when unobserved, v, ; ~ N(Z;4—104,02), with
Z;.—1 a vector of covariates such as lagged presidential vote in a congressional district
and incumbency status. Then this component of the likelihood is

o0
LY = / ALT (vig | i, 02, v¢) - N(v* | Ziy_10u, 02)dv™, (8)
—o0
where the unobserved lagged effective vote v* is included in X and so contributes to zi;;.

For the final component of the likelihood, we use features of all three previous com-

ponents, so that

LY = 1(Usy = 1), + 1(Uy = —1)(1 = ¢},), 9)

where

o0 0.5
W = / / ALT(v | iz, @7, ve)dv - N (0" | Zigrcu, 07)dv’.
—o0 J 0
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