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Abstract

States are partisan laboratories of democracy where policy is misaligned with
constituency preferences. Yet governors are popular. To resolve this puzzle,
we argue governors use aligned rhetoric to make up for out-of-step policy-
making, and this alignment has improved as nationalization, polarization, and
policy extremity have increased. To test our argument, we measure the parti-
san slant of gubernatorial rhetoric in 2,400 State of the State Addresses (1962-
2023). We fine-tune BERT models to predict the partisanship of a held-out
speeches using other contemporaneous addresses as training data. When a
governor “sounds like” her co-partisans, the model labels her speech as more
partisan. This predicted probability provides a dynamic, time-varying mea-
sure of gubernatorial partisan slant. We show governors have polarized, but
these changes increasingly correlate with constituency partisanship. We also
tind rhetorical alignment predicts gubernatorial approval as well, which may

help explain why governors are so popular.
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In an era defined by ever-increasing nationalization and polarization, some research
suggests that politicians can ignore the median voter and operate in a purely partisan
tashion. The consequences of such behavior have many worrying implications for demo-
cratic health, including for the state policy regimes under which Americans live. Al-
though Justice Louis Brandies once conceived of states as “laboratories of democracy”
where governments could learn from one another and implement popular and effective
policies, today, that learning takes place in partisan silos (Butler and Pereira 2018; DellaV-
igna and Woojin 2025). Policy regimes are increasingly partisan, but rather than repre-
senting “a sea change in public opinion,” these outcomes are driven by “increasingly
coordinated national networks of activists and organizations” that are not representa-
tive of state-level constituency preferences (Grumbach 2022, 69; see also Lax and Phillips
2012). Given this incongruence between voter preferences and policy regimes, we might
expect governors—the best known representative in a state—to be unpopular. But that is
not the case. A July 2025 Morning Consult poll revealed that 49 governors have a posi-
tive net approval rating (Yokley and Easley 2025). This poll result poses a puzzle: given
the heterogeneity of state-level partisanship, how can governors preside over uniform,
nationally-oriented partisan policy regimes out-of-step with their constituents yet main-
tain popular support?

One answer is partisanship: although the state is their constituency, partisanship is
so important to voters” identity (Mason 2018; Abramowitz and Webster 2016) that co-
partisans are just as unlikely to punish a same-party governor as cross-partisans are to
reward her, limiting the blowback from acting in partisan ways. In fact, governors have
more to fear from primary voters (Anderson, Butler and Harbridge-Yong 2020), and their
“incentives to toe the national party line are likely to be stronger as voters prove less atten-
tive to state-level differences” (Pierson and Schickler 2020, 47). Further, governors may be
subject to capture by activists or interest groups (Lax and Phillips 2012; Hertel-Fernandez

2019) whose preferences are more partisan and less representative of state publics. As



such, governors have strong reasons to appeal to a partisan audience with their actions.
By this argument, governors” approval ratings reflect the fact that, generally, they repre-
sent states where their own party is dominant and co-partisans will not break—even if
policymaking is more extreme than their ideological preferences.

We argue this account is incomplete. Even if governors preside over unrepresentative
partisan policy regimes, they can represent their broader state constituency through other
means. Here, we focus on rhetoric as an important mechanism given its role in represen-
tation independent of policy outcomes. As Mayhew (1974) argues, position-taking is an
important commodity; it is one way a politician can promote her electoral interests when
policy responsibility is collective and diffuse, as it is in state government. Governors have
limited formal power to directly implement policy, and even the influence they have is
not easily observable to inattentive voters (Hart and Matthews 2022; Huber, Hill and Lenz
2012). As such, rhetoric has the power to shape voters” attitudes towards their governors.
Holding policy activity fixed, what politicians say can shape their favorability, percep-
tions of their ideology, and how much credit they should be awarded (Grimmer 2013;
Grimmer, Westwood and Messing 2014; Grose, Malhotra and Parks Van Houweling 2015;
Hassell, Heseltine and Reuning N.d.). If governors’ rhetorical posture corresponds to con-
stituency partisanship, they could potentially sustain high approval even while presiding
over partisan policy agendas (Miller and Stokes 1963).

We argue that this correspondence between gubernatorial rhetoric and constituency
sentiment will be conditional: it should increase alongside increasing nationalization and
polarization. As voters have nationalized (Hopkins 2018) and sorted into two distinct
partisan camps (Levendusky 2009), they provide clear and consistent cues to governors
about their preferences. Where a governor in the 1970s may have struggled to discern her
constituents’ preferences, a governor in the 2020s can easily calibrate the partisanship of
her rhetoric to match her state’s preferences, using information like her state’s national

partisanship. Aligning rhetoric is also more straightforward than matching policy given



that speaking is an individual action and not as important to organized interests and
activists as policy outputs.

To test our hypotheses, we develop a measure of rhetorical partisan slant, which we
apply to annual State of the State addresses delivered between 1962-2023. We fine-tune
a series of BERT models to predict the party label of each governor’s speech using every
other governor’s speech (in that, and the previous two years) as training data. Although
we know each governor’s true party, the prediction, which we call partisan slant, can tell
us “how Republican” a given speech is compared to all other contemporaneous speeches
(cf. Peterson and Spirling 2018). Intuitively, the more a governor “sounds like” her co-
partisans and less like her opposition, the more extreme the prediction. To the extent
that governors’ rhetoric is driven by elite-level partisan (rather than broad constituency)
considerations, we should observe a positive correlation between the governor’s party
and the partisan slant of their speech. If governors’ rhetoric corresponds to constituency
partisanship, then we should see a correlation between the partisan slant of the speech
and the (changing) national partisanship of a governor’s state. If, as we hypothesize, the
relationship strengthens in the presence of nationalization and polarization, we should
observe an increase in this correlation between the partisan slant of the speech and the
national partisanship of a governor’s state over time. Finally, if rhetoric is related to
gubernatorial approval, we should observe an independent effect of rhetorical partisan
slant on gubernatorial approval, holding policy constant.

We find support for these hypotheses. Descriptively, our measure shows that the parti-
san slant of governors’ State of the State addresses has increased and polarized over time.
Where Republican and Democratic governors of the 1960s-1980s sounded alike, today;,
governors have bifurcated into two homogeneous and distinct camps. As expected, we
find that gubernatorial partisanship predicts partisan slant: Republican governors give
speeches with a higher Republican slant. These polarizing trends are not driven purely by

increased responsiveness to elite partisan forces. Rather, our analysis uncovers a positive



correlation between rhetorical partisan slant and a state’s national partisanship. As a state
increases its vote share for the Republican presidential candidate, the Republican slant of
a governors’ speech also increases. This effect is concentrated entirely in the decades from
the 1990s to the 2020s, the period in which nationalization and polarization dramatically
increased (e.g., Gentzkow, Shapiro and Taddy 2019; Hemmer 2022). We also directly test
the proposition that gubernatorial rhetoric independently correlates with approval. We
show that from 2006-2020, governors are penalized by Republican (Democratic) voters
when the partisan slant of their speech is more Democratic (Republican)—holding pol-
icy fixed. This result suggests governors have strong incentives to match their rhetorical
partisan slant to the partisanship of their constituencies. As a state becomes less homoge-
neously partisan, governors need to concern themselves with opinions of both parties and
moderate their rhetoric accordingly, lest they be penalized. To the extent that gubernato-
rial rhetoric has become more polarized over time, this trend reflects, rather than conflicts
with, theories of representation (cf. Ahler and Broockman 2018). Governors rhetoric has

polarized, in part, because voters themselves have nationalized and polarized.

Nationalization, Partisanship, and Governors’ Partisan Slant

Governors rarely make policy directly, (but see Barber, Bolton and Thrower 2019), yet,
they are often held accountable for state policy outcomes. They are the highest ranking
elected official in a state, elected by the entire constituency, and viewed as a state’s key
agenda-setter. They are better known than state legislators (Rogers 2023; Rosen 2018),
and like presidents, it seems plausible that voters overestimate their influence (Clifford
et al. 2024)—gubernatorial approval is strongly correlated with state policy liberalism
(Winburn et al. 2024). If governors have limited influence over policy (Kousser and
Phillips 2012), and policy outcomes are often incongruent with voter preferences in the

state (Grumbach 2022; Lax and Phillips 2012) they must take actions to try to maintain



popularity and secure re-election. Presiding over a policy regime that is out of step with
voters is likely not a recipe for electoral success (Canes-Wrone, Brady and Cogan 2002;
Miller and Stokes 1963).

We argue that governors can use their rhetoric to offset the penalties that might materi-
alize for presiding over an incongruent policy regime. Elected officials” public statements
and positions serve as one important way they represent their constituents (Hill and Hur-
ley 2002; Pitkin 1967). As Witko et al. (2021) describe, politicians “use their speech to
communicate to external audiences that they have shared interests, concerns, and priori-
ties” independent of subsequent policy action. From an electoral perspective, rhetoric is
a powerful tool through which politicians can shape constituents” attitudes toward them.
What politicians say, and how they frame their actions, can affect how much credit they
receive for government action (Grimmer, Westwood and Messing 2014), offset penalties
for incongruent voting behavior (Grose, Malhotra and Parks Van Houweling 2015), and
shape impressions of their ideology and representational style (Grimmer 2013; Hassell,
Heseltine and Reuning N.d.). It is important to study rhetoric as an independent variable
in political evaluations, distinct from policy outcomes.

Rhetoric often has downstream consequences on more substantive forms of represen-
tation as well. When politicians prioritize issues or make promises, they often follow
through (Budge and Hofferbert 1990; Sulkin 2009; Thomson et al. 2017). By highlighting
a specific constituency or issue, those concerns are more likely to be reflected in subse-
quent debates. In our context, governors are coalition leaders who can set the agenda.
Given that many state legislatures are unprofessionalized and meet part-time, governors
can provide an informational subsidy to busy state legislators (cf. Lorenz 2020) and ex-
ercise legislative leadership (e.g., Kousser and Phillips 2012). Rhetoric provides a signal
of subsequent policy attention—although governors cannot directly legislate and often
have more success with budgeting than policy (Kousser and Phillips 2012), implying this

mapping is not one-to-one. Rhetoric can provide clues about a governors preferences



before they are transformed by the state legislature. Given the importance of rhetoric to
representation, political evaluations, and policy action it is important to understand the
correlates of gubernatorial rhetoric. It is not clear whether gubernatorial rhetoric corre-
sponds more closely to constituency preferences or to the unrepresentative preferences of
elites and activists.

On one hand, governors, like all politicians, want to win reelection, and as such, they
are incentivized to reflect the partisanship of their constituents. They should want to
deliver rhetoric that provides broad representation to their constituents and which guides
legislative policymaking in the direction of constituency preference. We expect governors
representing redder states to deliver more Republican-aligned rhetoric than governors
representing purple or blue states. This view of rhetoric aligns with studies of dyadic
representation focused on the role of constituency preferences in elite decision-making
(Miller and Stokes 1963).

Constituency Congruence Hypothesis: The partisan slant of a governor’s

rhetoric will be positively related to the national partisanship of the gover-

nor’s state constituency.

On the other hand, governors, like presidents (Kriner and Reeves 2015; Wood 2009),
have incentives to appeal to party elites and activists whose preferences are not repre-
sentative of the broader state constituency. Governors are elected in partisan primaries,
which are dominated by more ideological and partisan voters. To advance to the general
election, governors need to ensure their rhetoric appeals to their co-partisan base both
while campaigning and once in government (to secure reelection), even if this would oth-
erwise lead them to reject more broadly appealing compromises (Anderson, Butler and
Harbridge-Yong 2020). Governors’ electoral fate is also tied to their parties’ success in the
state. The governor and her co-partisans in the state legislature have mutual incentives
to support one another to ensure their party can advance its policy goals and maintain

a strong reputation to win reelection and take control of state government (Cox and Mc-



Cubbins 2005; Lee 2009). Activists and interest groups also play a role in screening can-
didates, meaning that governors enter office with a partisan agenda (Bawn et al. 2012).
Governors may use their rhetoric to reinforce the partisan nature of the policy regime over
which they preside. This view of rhetoric aligns with the “democratic deficit” identified
by Lax and Phillips (2012).

Partisan Hypothesis: The partisan slant of governors’ rhetoric will correspond

to the demands of partisan elites.

Although constituency and partisanship are durable features that influence guber-
natorial rhetoric, we argue that the strength of these influences varies over time due to
increasing nationalization and polarization. Nationalization, the realignment of political
conflict around national figures and issues (Hopkins 2018), provides a salient dimension
of conflict that is consistent across the states. Polarization, the increasing homogeneity
of attitudes within parties and the increasing divergence between them (McCarty 2019),
provides a predictable set of opinions on those issues to which governors can respond.
Nationalization and polarization should increase the correspondence between the partisan
slant of governors’ rhetoric and constituency partisanship because they make it easier for
governors to learn about their constituents’ preferences across a range of issues. Ulti-
mately, “constituencies must instruct their representatives in a clear fashion if delegate
behavior is to result” (McCrone and Kuklinski 1979, 281), and nationalization and po-
larization facilitate that process. By contrast, if constituency opinion is inconsistent or
heterogeneous, politicians may defer to the preferences of party actors (Gerber and Lewis
2004; Harden and Carsey 2012). We expect governors in states dominated by a single
party at the national level (e.g., California, Wyoming) to give speeches with higher parti-
san slant than governors in swing states (e.g., Michigan, Georgia). This declining partisan
slant in swing states could be driven by a governor moderating across issues, mixing be-

tween liberal and conservative issue positions, or focusing more on local or state-specific



issues.!

We test whether polarization and nationalization have changed governors’ rhetorical
alignment by looking at differences before and after the mid-1990s. While nationalization
and polarization declined in the middle of the twentieth century, it began to increase in
the 1970s and 1980s (Carson, Sievert and Williamson 2023; Hopkins 2018; Pierson and
Schickler 2020). Abramowitz and Saunders (1998) show that the long-term changes in
party loyalties associated with the increased polarization of the parties during the 1970s
and 1980s came to a head in the 1994 and 1996 elections. Here, Republicans shifted from
a permanent minority to a strong majority party in the South (Lamis 1999). Following the
1994 election, Newt Gingrich introduced a new form of governance that was more com-
bative and changed how members of Congress interacted with each other in the chamber
(Sinclair 2006; Theriault and Rohde 2011; Lee 2016). These changes occurred at the same
time as major changes in the media environment (Gentzkow, Shapiro and Taddy 2019).
While these forces were national in scope, “state parties and national-level officials were
responding simultaneously to the same changes in the broader political environment”
(Hopkins, Schickler and Azizi 2022, 17). Pre-1994 is a period of more limited nationaliza-
tion and polarization; after 1994, the U.S. transitioned to a much more nationalized and
polarized environment.

Increasing Constituency Congruence Hypothesis: The partisan slant of gov-

ernors’ rhetoric will better correspond with national constituency partisanship
after 1994.

There are reasons to be skeptical. Nationalization and polarization provide infor-
mation, but governors may simply ignore it—while suffering little in the way of con-

sequences. These same forces have led to the rise of negative partisanship (Abramowitz

! Although this same argument could be applied to state policy outcomes, we know this pattern has not
resulted in more aligned policy agendas (Caughey, Warshaw and Xu 2017; Hopkins, Schickler and Azizi
2022; Grumbach 2022; Lax and Phillips 2012). Nonetheless, we expect it to apply to rhetoric given that (i)
individual politicians have more control over what they say than they collective policy outcomes (Cox and
McCubbins 2005; Witko et al. 2021), and (ii) activists and elites are more concerned about policy outputs
than they are what politicians say.



and Webster 2016) and partisanship as a social identity (Mason 2018). Given the degree to
which in-partisans hate the out-party and hold their partisan identity tightly, governors
may pay little cost for speaking and acting in ways that do not align with their constituen-
cies. These same trends have led politicians to worry more about primary voters, relative
to general election constituencies (Anderson, Butler and Harbridge-Yong 2020), and ac-
tivists and donors, rather than constituents (Fouirnaies and Hall 2018; Grumbach 2022;
Hopkins 2018). Consistent with these ideas, legislators appear to enact similarly parti-
san polices irrespective of their margin of victory (Bafumi and Herron 2010; Lee, Moretti
and Butler 2004). It may be the case that Republican governors appeal to the same par-
tisan and elite audience whether their state is 51 or 91 percent Republican-leaning at the
national level given modern incentives to appeal to ones’ party over the median voter.

Increasing Partisanship Hypothesis: The partisan slant of governors’ rhetoric
will be driven more strongly by partisanship after 1994.

We also hypothesize that gubernatorial rhetoric is associated with their approval rat-
ings. In effect, governors might be appealing even if they implement policies that are in
line with their party’s priorities but out of step with their constituents” preferences. One
strategy is that governors may change their rhetoric to appeal to voters by adopting a
partisan slant that matches voters” partisanship. We expect this strategy to be effective
because rhetoric can drive elected officials” favorability and perceptions of congruence
even holding voting records fixed (Grose, Malhotra and Parks Van Houweling 2015; Has-
sell, Heseltine and Reuning N.d.). This relationship should particularly apply to gover-
nors because they are well-known in their states, and their approval ratings are driven by
partisan and ideological congruence (Rogers 2023; Winburn et al. 2024).

Governor Approval Hypothesis: The governor’s approval rating will be cor-
related with the partisan slant of their rhetoric.



Measuring Partisanship in Gubernatorial Representation

To assess the state of gubernatorial representation, we focus on State of the State
(SOTS) Addresses. The SOTS Address is a major policy speech given by the governor
to the legislature, often annually or biannually. In form and function, it is similar to the
president’s State of the Union Address (SOTU), which has long been used by both the
White House and scholars as a key indicator of the president’s agenda (e.g., Kumar 2007;
Light 1999). The policies presidents prioritize in this speech also have downstream con-
sequences for legislative (e.g., Lee 2009) and voter (e.g., Cohen 1995) behavior. Here,
we apply this same logic to governors’ SOTS Addresses. Like presidents, governors use
this speech to recap their recent accomplishments and outline their policy agenda for
the coming year. More than cheap talk, what governors address in the speech correlates
with their ideology (Coffey 2005), and that ideology has a large influence on subsequent
state policy liberalism (Warner 2023). Further, what governors propose in their SOTS Ad-
dresses, especially budgetary items, are often passed by state legislatures (Kousser and
Phillips 2012). Like the president’s SOTU Address, SOTS Addresses reveal governors’ an-
nual agendas while shedding light on how they symbolically and substantively represent
their constituents.

Beyond substantive importance, State of the State Addresses provide a methodologi-
cal advantage. As this speech is mandated by most state constitutions (and given regu-
larly by tradition in those where it is not), a governor’s choice to speak is not politically
motivated. The act of giving the SOTS can be thought of as exogenous to the political
environment. In our study, we leverage a corpus of SOTS Addresses collected by Butler
and Sutherland (2022), beginning in 1960 and ending in 2016, which we extend through
2023. We discuss our pre-processing pipeline in Appendix A.2. Our final analysis corpus

contains 2,427 speeches given by 486 governors across all 50 states.

2This corpus does not include the theoretical maximum of 3,100 speeches because governors in some
states (e.g., Texas) give bi-annual speeches, missingness in the data collection process, exclusions due to
OCR processing challenges. We also subset only to Republican and Democratic governors. Additionally,
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Model Prediction as a Measure of Partisan Slant

To measure the partisan slant of governors speeches, we use a supervised learning ap-
proach that builds on Peterson and Spirling (2018). In this section, we provide a concep-
tual overview. Technical details are in Appendix A.3. Our goal is to generate a continuous
measure of partisanship for every governor’s speech in our corpus. To do so, we train a
set of machine learning models (specifically, BERT models) on sentences from all con-
temporaneous governors SOTS, excluding governor i. We then use that trained model to
predict the party label of the held out governor i’s sentences. As with any machine learn-
ing model, these predicted probabilities provide a measure of the model’s confidence that
a sentence was spoken by a Republican (0) or Democrat (1).

Democratic and Republican speakers may differ across a range of dimensions. They
may discuss different issues (e.g., abortion vs immigration), express different ideologi-
cal perspectives (e.g., free market vs government intervention), use different vocabulary
(e.g., “illegal alien” vs “undocumented immigrant”), reference different political figures
or symbols, or even speak in ways that are more formal or colloquial. In training, our
model learns some set of textual features that help it discriminate between Republican
and Democratic sentences, and it will use that knowledge to classify an unseen sentence
as more or less “Republican.” The predicted probability represents the degree to which
a sentence “sounds like” other Republican (Democratic) sentences in the training data. If
Democratic and Republican governors speak in different ways (e.g., different issues, po-
sitions, or styles), the model will be more likely to classify sentences at the distributional
extremes. If partisan governors speak more similarly (e.g., they take the same positions,
discuss the same issues, etc) or speak primarily about specific local issues, the model will

generate probabilities closer to 0.5 given its uncertainty about the speaker’s partisanship.

governors may give multiple speeches in a single year that could be considered a State of the State Address
(e.g., a governor gives a budget and policy speech in the same year). When we encounter these, we in-
clude them as separate speeches. In Appendix A.1, we visualize missingness, inspect regional and partisan
balance, and provide evidence that these imbalances do not materially affect our conclusions.
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Model errors are also informative. If a Republican governor says something that “sounds
like” it would have been said by a Democratic (e.g., concerns about climate change), our
model will “make a mistake” by labeling that sentences as particularly Democratic. Be-
cause we know the governor’s true party, the model’s incorrect prediction tells us that
this governor sounds less like her own co-partisans and more like her opposition on that
topic. In this way, our model’s predictions endogenously capture how the parties talk.
When governors sound more like their co-partisans and more distinct from their opposi-
tion partisans, the model will make more extreme predictions. When partisans all sound
like one another, the model will make more moderate predictions. This outcome is in line
with the conventional understanding of polarization as stemming from low within-party
variance and high between-party variance (McCarty 2019). We interpret this sentence-
level predicted probability as the “partisan slant” of a given sentence. As party talk and
polarization change over time, we train a new model for every year, and within years,
for every speech, in the dataset—iteratively leaving one speech out of training and us-
ing the trained model to predict the partisanship of that governor’s sentences. Thus, the
model is exposed to what all other governors are saying in that time period and uses that
information to predict the party of the unseen governor’s sentences.

Much of what governors say, especially in a formal address like the State of the State,
is non-partisan. Governors spend much of their speech on generic welcoming remarks,
economic growth and other valence issues, state pride, and hyper local issues. Because
all governors use this rhetoric (1) it will not help our model learn the differences between
Republicans and Democrats and (2) a speech will contain many sentences predicted to
be near 0.5. As such, we average across sentences to the speech level. When we average
sentences within a speech, the less frequent but clearly partisan sentences will drive the
speech-level measure of partisan slant. The non-partisan sentences, which are prevalent
in the dataset and randomly distributed across party will draw the speech-level average

toward 0.5, but given that they are not associated with either party, will not bias our
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measure.3

We highlight two caveats of our approach. First, our measure of partisan slant should
not be interpreted as stemming specifically from policy valence, policy positions, ideo-
logical differences, or partisan affect. Our model uses all systematic linguistic features
that differentiate Democrats and Republicans within a given time period. All of these ele-
ments, then, likely contribute to the observed differences and our measure is endogenous
to what other governors are saying. For this reason, we avoid taking a strong stance on
exactly what dimension(s) of partisan differentiation drive the probabilities in any given
year. Although future work could disentangle these features, our goal is to produce a
summary statistic of partisan differentiation that is agnostic to any particular source (as
in Gentzkow, Shapiro and Taddy 2019; Peterson and Spirling 2018).

Second, governors are limited in how much they can say in an address and may select

s

or avoid specific issues. We do not have access to some measure of governors’ “true” par-
tisanship that appears in other forums (e.g., social media, interviews) or in their hearts.
Rather, our training data is representative of the diversity of how governors express them-
selves in this particular, major, annual, mandated speech. To the extent that parties speak
differently, and governors speak more like their co-partisans, the model’s predictions
should provide insight into governors” partisanship. In the next section, we describe

the model output and validate that it captures partisan differences across governors and

time.

Partisan Slant Across States and Over Time

At the end of this process, we have a matrix of sentence-prediction pairs for all sen-
tences spoken by all governors in our corpus between 1962 and 2023. These predictions
can theoretically range from 0 (most Democratic) to 1 (most Republican), but empirically,

they range from 0.024 to 0.974. In Table 1, we present sentences and sentence excerpts

3In Appendix A.3, we provide empirical evidence to support this claim.
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from 2023 State of the State Addresses along with the probability the sentence was spo-
ken by a Republican. In the top portion of the table, the five sentences least likely to be
given by Republicans concern conventional Democratic owned issues: climate change
and race. Notice too that our model predicts the sentence spoken by governor Scott (R-
VT) to be highly Democratic given its strong focus on climate change—common among
Democratic governors but not Republicans. This prediction illustrates the informative-
ness of model errors. Although Scott is a Republican, this particular sentence from his
speech is Democratic. In the bottom portion of the table, the five sentences most likely
to be given by Republicans include parental rights in education and law enforcement.
Sentences with 0.5 probability are generally non-partisan, non-substantive, or are not in-
dicative of party without additional context. Table 1 provides some face validity to our
measure of the partisan content of governors’ speeches. To provide more systematic ev-
idence of face validity, we recruited two undergraduate research assistants to label 250
pairs of sentences (500 total) blind to speaker’s true and predicted partisanship. Each
RA individually achieved an accuracy of 76 and 77%, which is reasonable given the task.
Subsetting to labels on which both RAs made the same selection, accuracy is 88%, which
is strong. This result indicates that model errors are concentrated in cases where humans
also have difficulty labeling the sentences (i.e., the RAs disagree). When humans agree
on a label, the model tends to match that label (see Appendix A.4 for more details). These
results provide a strong sense of face validity to our measure.

Although sentences provide rich data to understand micro-variation within and across
speeches, our key quantity of interest is speech-level partisan slant. We expect governors
to sometimes speak like members of the other party, but for the most part, speak like their
co-partisans. We ask: across everything a governor says in their State of the State Address,
how Republican or Democratic do they sound? Here, we simply aggregate sentences to
speech-level by taking the mean of the distribution of sentence-level predictions, creating

a continuous measure of their annual partisan slant.
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Table 1: Most Republican and Democratic Sentences, 2023
State Sentence Pr(Rep.)

NM (D) we know that these fires were intensified by extreme weather 0.05
brought on by climate change, and since the beginning of my
administration, we have taken that threat seriously—embracing
science in order to mitigate climate change’s devastating impact,
protect our environment and ramp up clean energy production.

LA (D) Dbutiwill also be working to make sure that when a homeowner 0.05
has a fortified roof, they’ get the lower insurance premium
they’re entitled to.

WI (D) andisigned an executive order creating the first-ever office of 0.05
environmental justice to develop strategies that will help us
address disparate impacts of climate change in communities
across the state.

MI (D)  both are firsts—the first black speaker and the first woman 0.06
majority leader.

VT (R)  this also means keeping our communities and families in mind 0.06
as we address climate change.

ME (D) the time for this legislation has come. 0.50

AZ (D) however, my decision to release this report signals how i plan to 0.50
tackle our water issues openly and directly.

UT (R) and may we always remember that sometimes the best bill is 0.50
one that doesn’t pass at all.

ID (R)  our law enforcement, active military, and veterans all deserve 0.91
our gratitude for their service and commitment to [place].

MS (R)  through the parents’ bill of rights, we will reaffirm that in 0.92
[place], it is the state who answers to parents and not vice versa.

MS (R)  this parents’ bill of rights would further cement that when it 0.92

comes to the usage of names, pronouns, or health matters,
schools will adhere to the will of parents.

FL (R) now we see the ccp trying to make strategic land purchases 0.92
across the us and our message in [place] is very simple.
NV (R) for the first time, parents will have an advocate inside 0.93

government promoting the expansion of school choice in [place].

To what extent does this measure capture gubernatorial partisanship and polariza-
tion? To provide evidence of convergent validity, we leverage the first dimension NOM-
INATE scores for all 106 governors in our dataset who also served in Congress prior to

2025 (excluding party switchers). As these ideal points are time-invariant, we match them
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Figure 1: Correlation Between First Dimension NOMINATE and Our Measure of Partisan
Slant
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to the average of all speech-level estimates for each governor. A valid measure of guber-
natorial partisan slant should positively correlate with these ideology scores, as positive
values are associated with more conservatism. We find that our measure and the NOMI-
NATE scores have a Pearson correlation coefficient of 0.62, which is relatively high given
that these measures use different data and measure different underlying constructs. We
visualize this relationship further in Figure 1. In general, we see that governors with
higher NOMINATE scores (more conservative) also tend to have higher Republican par-
tisan slant.

With these validation statistics in mind, we next provide insight into gubernatorial
partisan slant at the speech level. In Figure 2, we rank order speeches from most Repub-
lican to most Democratic in 2023. The point estimates represent the partisan slant of the
speech and the confidence intervals are generated by 1,000 bootstraps of the sentence-
level predictions. In line with what we would expect about gubernatorial polarization

in 2023, we see that our measure almost perfectly clusters Republican and Democratic
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Figure 2: Ordered Partisan Slant, 2023
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governors by party. Democratic governors tend to have predictions below 0.5 while Re-
publicans have predictions above 0.5. Deviations are also informative. For instance, Phil

Scott (R-VT), a Republican, is the fourth most Democratic-sounding governor in 2023—
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consistent with Vermont’s strong Democratic lean at the national level. Other governors
representing out-party states at the national level, such as Beshear (D-KY) and Youngkin
(R-VA) have predictions that are statistically indistinguishable from 0.5. On the other
hand, governors representing states that lean heavily toward their party such as Hochul
(D-NY) and Bergum (R-ND) gave speeches where the content was most strongly associ-
ated with their party.

To what extent are these differences between partisan and more moderate governors
driven by policy moderation versus a differential focus on policy and non-policy topics?
In Appendix B.1, we provide evidence that governors whose confidence intervals overlap
0.5 deliver policy sentences at similar rates as partisan governors, but the partisan slant
of those statements are more moderate on average in the sense that they contain less par-
tisan framing. While the confidence intervals indicate that the partisan slant of adjacent
speeches are not statistically different from one another, the partisan slant of speeches
separated by several ranks do meaningfully differ. The governor of New York sounds
meaningfully different from the governor of Arizona who sounds different from the gov-
ernor of North Dakota. Overall, these rankings accord with our general understanding of
party polarization in 2023, suggesting that our approach performs as designed. Further,
the degree to which governors representing heavily partisan states are predicted to have
higher partisan slant than those representing presidential out-party states on average pro-
vides some descriptive evidence for the argument that governors rhetorically align with
their states” national partisanship.

Although this ranking is one way to understand polarization, a visual alternative is to
assess whether the scores conform to a unimodal or bimodal party-separated distribution
(McCarty 2019). In Figure 3, we plot the density of speech-level predictions by year. On
the x-axis, we plot the mean-centered probability a speech was given by a Republican—
where higher values indicate that the speech is more likely to be delivered by a Repub-

lican governor. Democratic (Republican) density is in blue (red). We plot these curves
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Figure 3: Polarization in SOTS Speeches Over Time
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Figure 4: Partisan Change in SOTS Speeches Over Time
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by year. Early, the distributions are unimodal and heterogeneous within party. Speeches
begin to polarize in the late 1990s and early 2000s, which we visualize in Figure B1. Po-
larization increases through the 2010s and into the 2020s, at which point, the distribution
becomes increasingly bimodal and party-separated—indicative of strong rhetorical po-
larization.

Finally, Figure 4 shows the over time trend in each state. Time is plotted on the x-axis
and Republican slant is on the y-axis (we have mean-centered this value). Increases (de-
creases) in the trend are associated with a more Republican (Democratic) leaning speech
in that year. All 50 state trends are presented in light gray lines, from which we can see
two key points. First, there is significant within- and between-state variation over time.
Second, these trend lines are generally tightly clustered with the exception of the early
1980s and the mid-2010s. In this latter period, we can see a clear divergence up or down—
with few governors giving speeches with average slant. The separation into Democratic
and Republican slanted speeches is clear. We highlight trends in three key states in black.
Governors in Washington (the dashed-line) have trended more Democratic in their parti-

san slant. Governors in Wyoming (the dotted-line) have trended more Republican. Gov-
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ernors in Virginia (the solid-line) have fluctuated over time. We can see a clear pattern of
moderation in the 1990s and 2000s, but a sharp shift toward Democratic slant from 2015-
2021 when Democrats Terry McAuliffe and Ralph Northam were governors, and a sharp
tack back to the middle when Republican Glenn Youngkin took power in 2021. This mir-
rors Virginia’s recent national shift toward the Democratic party—the Democratic gover-
nors spoke like other Democrats, whereas the Republican governor moderated and did
not speak like other Republicans. These three states provide some suggestive support for
the Constituency Partisanship Hypothesis over the last two decades. Liberal Washing-
ton and Conservative Wyoming follow predictable patterns while Virginia’s trends have

varied with electoral tides.

Empirical Approach

In our analysis, the dependent variable is the Republican partisan slant of the speech.
That is, the predicted probability that a speech was delivered by a Republican (averaged
from the individual, sentence-level predictions). Higher values are associated with a more
Republican slant; lower values with a more Democratic slant. We standardize this vari-
able to facilitate interpretation. In our empirical tests, we look at how the dependent
variable correlates with the governor’s own partisanship and the Republican presidential
candidate’s two-party vote share in that state (from Amlani and Algara 2021) both before
1994 and since that time. We follow existing literature and use presidential vote share as
an indicator of a state’s partisanship, and because it is not endogenous to the governor’s
own electoral results (e.g., Grimmer 2013). We study how the correlation has changed
over time by interacting our two independent variables with a dummy variable for the

period (pre or post-1994).% If, as we have argued, nationalization and polarization have

“We do not argue that the events of 1994 caused a change in gubernatorial partisan slant. Changes in
nationalization and polarization occurred during the 1980s and 1990s but they were more present after
1994 (e.g., Gentzkow, Shapiro and Taddy 2019). We provide evidence that the time-varying patterns are
robust to other cut-points in Table B3.
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led to a better alignment between rhetorical partisan slant and constituency partisan-
ship, then we expect the coefficient on the interaction term between the post-1994 period
and the Republican presidential vote share to be positive. If increasing polarization and
nationalization mean that governors’ partisan slant is now more aligned with party, we
should observe a positive coefficient on the interaction term between the post-1994 period
and a dummy variable for whether the governor is Republican.

In our regression models, we also include state and year fixed effects. State fixed
effects account for time-invariant, state-specific features (e.g., region) that may lead gov-
ernors to speak more or less like their fellow partisans. Year fixed effects isolate changes
in gubernatorial partisanship from state-invariant, year-specific features of the political
environment (e.g., the occurrence of a presidential election). Our design is limited in its
ability to identify causal effects. Our goal is to identify whether there is a correspondence
between constituency partisanship and rhetorical partisan slant. Two-way fixed effects
models can struggle to identify causal effects, particularly in the presence of heteroge-
neous treatment effects. Additionally, two-way fixed effects models do not inherently
provide a built-in placebo test to assess pre-treatment trends, which is crucial for validat-
ing causal claims. We include these fixed effects given that we are primarily interested in
identifying correlational relationships in the data. We also account for whether it is a gu-
bernatorial election year in the state, whether the governor is running for reelection, and
whether state government is unified (i.e., the same party controls the governor’s mansion
and both state legislative chambers) given that governors may alter their agendas given

what they anticipate may pass in the legislature.

5These data come from Klarner (2013) through 2011 and are extended by the authors.
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Results

We present our results in Table 2. In column 1, we present coefficients from a model in
which we regress the Republican partisan slant of a speech on the two-party Republican
presidential candidate’s vote share in the previous election and an indicator for whether
the governor was Republican, as well as controls and state-year fixed effects. Here, we
tind support for both the Constituency Congruence and Partisan hypotheses. In column
1, we find that when the Republican presidential vote share in a state increases by 20 per-
centage points, a governor’s speech has a Republican partisan slant that is 0.33 standard
deviations larger. We use a 20 percentage point shift as it represents the average difference
between states represented by Republican and Democratic governors in our sample. In
row 3, we also see that when the governor is a Republican (as compared to a Democrat),
speeches have a Republican partisan slant that is 0.83 standard deviations larger. Taken
together, these results indicate that both constituency and party influence the partisan
slant of governors’ rhetoric, however, across our time series, the relationship is 2.5 times
larger for the governor’s own partisanship, our proxy for activist and elite forces.

These results may be masking heterogenous effects over time. In column 2, we interact
these two key variables to test our hypotheses about how these relationships may have
changed as nationalization and polarization increased. Here, our conclusions differ from
the model without interactions. To interpret trends, we compute the marginal effect of
gubernatorial partisanship and state partisanship (holding the other at its mean) pre- and
post-1994 to interpret effect sizes and statistical significance in Figure 5. We find support
for both the Increasing Constituency Congruence and Increasing Partisanship hypothe-
ses. In the pre-1994 period, Republican governors have a partisan slant that is about 0.6
standard deviations more Republican than Democratic governors. In the post-period,
this effect increases another 0.36 standard deviations. Per our theoretical framework, this
suggests that gubernatorial rhetorical slant is correlated with elite and activist prefer-

ences, and this effect is increasing alongside nationalization and polarization. In terms of
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Table 2: Relationship Between Governor Party, State Republican Presidential Vote, and
Republican Partisan Slant of SOTS

(1) (2)
Two-Party Republican Vote Share (20s) 0.325*  —0.028
(0.125)  (0.100)
Two-Party Rep. Vote (20s) x Post-1994 0.546***
(0.112)
Republican 0.828*** (.599***
(0.064)  (0.075)
Republican x Post-1994 0.362**
(0.123)
Election Year 0.103 0.107
(0.069)  (0.070)
Governor Running for Re-Election —0.051 —0.061
(0.085)  (0.083)
Unified State Government 0.067 0.019
(0.060)  (0.060)
Fixed Effects
State v v
Year v v
Num.Obs. 2427 2427
R2 Adj. 0.396 0.415
R2 Within Adj. 0.215 0.240

*p <0.05 **p <0.01, * p < 0.001

Note: Coefficients come from an ordinary least squares model where the dependent variable is the
(standardized) Republican partisan slant of a speech. Standard errors are clustered at the state level.

substantive effect sizes, a one standard deviation increase in our partisan slant measure
is about a 6 percentage point increase in the probability a speech was given by a Republi-
can. Therefore, the effect of party in the pre-period is about 3.7 percentage points and in
the post-period, about 5.9 percentage points. Although the magnitude of the effect may
seem small, a 6 percentage point shift is roughly the difference between the governors of
California and Georgia in 2023.

The patterns for constituency partisanship differ—the effects observed in column 1 are
driven entirely by the post-1994 period when nationalization and polarization increased.

Although constituents” national partisan stances had no correlation with rhetorical slant
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Figure 5: Marginal Effects of Governor Party and Constituency Partisanship on Republi-
can Partisan Slant of SOTS.
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Note: Before 1994, party but not constituency influence gubernatorial rhetoric; after, both are influential.
Marginal effects are generated from the model in column 3 of Table 2.

before 1994, after 1994, a 20 point shift toward the Republican presidential candidate is as-
sociated with a 0.52 standard deviation shift in Republican slant of a governor’s speech.
This roughly 3 percentage point shift is equivalent to the difference between speeches
given in Georgia and Texas in 2023. This result is consistent with our theoretical predic-
tion that governors can better align their rhetoric with constituency preferences after the
increase in nationalization and polarization among the public.

Colorado provides a good illustration of how the relationship between governors’
rhetoric and voters” preferences has changed over time. Colorado is a state where we
can see swings in presidential voting patterns during both major periods. In 1964, Col-
orado voted for LBJ at the same rate as the national popular vote but then swung toward
Nixon in the next two elections (at rates exceeding what Nixon won nationally). Over
this same period, the governor—Republican John Love—gave speeches that focused on
the state. Accordingly, the partisan classification of Governor Love’s speeches did not cor-

relate with presidential voting trends in the state. In fact, his speeches were classified as
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more Democratic at the time that his state was voting more Republican nationally. Love’s
speech in 1970, for example, focused on restructuring and modernizing state government.
He also talked extensively about local water issues and the importance of higher educa-
tion. In his last speech, given in 1973 before he took a position in the federal government,
Love talked again about education and the environment, calling for an expansion of en-
vironmental protections. His speeches focused on local issues; positions were not related
to the national political trends.

With its support for Barak Obama in 2008, Colorado transitioned from consistently
supporting the Republican candidate to voting for the Democratic candidate in presi-
dential elections. Democrat Bill Ritter served as Colorado’s governor during this period
(2007-2010). Over the years he served, his speeches became increasingly likely to be clas-
sified as Democratic, consistent with the national partisan shift in Colorado. In his final
speech, he took strong positions against ballot initiatives that he argued would hurt the
state’s social safety net. While the U.S. was dealing with the economic effects of the Great
Recession, Governor Ritter argued that “especially in a downturn, we have a moral obli-

4

gation to protect the most vulnerable among us,” sentiment more associated with the
Democratic party. In the modern era, this governor’s speeches better mirrored the na-
tional partisan slant of the state.

We run several additional robustness tests. In Table B3, we replicate our results with
three alternative cut-points: a linear time trend, decade-specific breaks, and indicators for
political realignments including the Regan Revolution, Gingrich Revolution, and Trump
era. In Table B4, we show there are no heterogeneous treatment effects by party. In Table
B5, we show our results are robust to the inclusion of several other potential confounders
including public mood, state unemployment, state per-capita income, and primary type
(e.g., open, closed, partially open, etc). Taken together, we show that both elite and con-

stituency forces explain variation in the partisan slant of governors’ rhetoric. However,

constituency influence is concentrated in the post-1994, when nationalization and polar-
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ization increased.

The Relationship Between Rhetoric and Approval

To this point, we have suggested that gubernatorial approval ratings may be tied to
the partisan slant of gubernatorial rhetoric—even if state-level policy regimes are not re-
flective of constituency preferences. In line with this argument, we have shown that gov-
ernors’ rhetorical partisan slant is correlated with constituency partisanship in the post-
1994 period (even when controlling for the governor’s partisanship). Here, we test our
conjecture more directly by investigating how governors” approval ratings correspond
with the partisan slant of their rhetoric and the ideological extremity of the policy regime
over which they preside.

To test this hypothesis, we leverage data from the Cooperative Elections Study (CES,
formerly CCES) which annually asks respondents whether they approve or disapprove
of their governors. We code approval into a trichotomous variable where 1 means a re-
spondent strongly or somewhat approves, 0 means a respondent neither approves nor
disapproves, and —1 means a respondent strongly or somewhat disapproves. We drop
respondents who say they have never heard of the governor or are not sure. We also in-
clude an individual’s three-point partisanship, grouping leaners within their respective
parties. To this data we add information about the governors being evaluated including
their name, their party identification, the partisan slant of the their SOTS in that year, and
the controls from our previous models. To account for the extremity of the policy en-
vironment, we add annual state policy conservatism scores from Caughey and Warshaw
(2016), which measure how conservative or liberal a state’s policy regime is across a range
of policies. Our approval time-series ranges from 2006 (the year of the first CCES survey)
to 2020 (the latest year for which we have state policy conservatism scores).

To determine whether gubernatorial approval is related to the partisan slant of gov-
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ernors’ rhetoric, we use ordinary least squares to regress our respondent-level approval
ratings on the Republican partisan slant of a speech interacted with a respondent’s party.
If the partisanship conveyed through rhetoric is an important predictor of gubernatorial
approval ratings, we would expect to observe a negative marginal effect of increasing Re-
publican partisan slant among Democrats and a positive marginal effect among Republi-
cans. That is, when a governor gives a speech with a stronger Republican partisan slant,
Democrats (Republicans) should decrease (increase) their approval of the governor. Such
a result would indicate that governors have strong incentives to modulate the partisan
slant of what say, conditional on constituency partisanship. For example, a governor in a
strongly Democratic state, like Newsom in California, would be punished by the majority
of constituents for delivering a speech that was too Republican. Similarly, a governor in a
swing state or out-party state, like Beshear in Kentucky, would be punished for giving a
speech that veers too far in either direction and should prefer a balanced approach. Ulti-
mately, we do want to suggest that the SOTS addresses are, themselves, the causal driver
of any observed relationship. Rather, we argue that SOTS addresses are proxies for how
each governor speaks throughout the year, and it provides information about how voters
might perceive the governors’ partisanship.

To assess how well rhetorical slant predicts approval, holding policy regimes con-
stant, we also include state policy conservatism scores for each state-year observation,
which we interact with the party of the respondent as well. We would expect Democrats
(Republicans) to approve more of the governor when she presides over a more liberal
(conservative) policy regime. We include all constitutive terms as well as governor party,
vote share, and controls from the models in Table 2. We include governor, state, and year
tixed effects and cluster our standard errors at the respondent and governor level.

We present the full regression results in Table B6 of the supplemental appendix. Here,
in Figure 6, we focus on the marginal effects of rhetorical partisan slant and ideological

policy extremity for respondents in each major party. On the left, we see can see that for
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Figure 6: Marginal Effects of Republican Partisan Slant in SOTS and Policy Extremity of
Gubernatorial Approval, by Respondent Party.
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Note: When governors given speeches with higher Republican-slant, Democrats decrease (Republicans
increase) are more likely to approve of that governor. Both independent variables have been standardized.
Marginal effects are generated from the model in Table B6.

Democrats, both the partisan slant of a governor’s rhetoric (triangle) and the conservatism
of the policy regime (circle) are negatively associated with a governor’s approval rating.
For our purposes, the key is that, holding policy and the governor’s party constant, de-
livering a speech that is one standard deviation more Republican-slanted is associated
with a 0.22 point lower approval rating (on a 3-point scale). And the size of the effect
is statistically indistinguishable from presiding over a policy regime that is one standard
deviation more conservative. The results are similar for Republican respondents. Gover-
nors who deliver more Republican-slanted speeches have approval ratings that are about
0.24 points higher. Ultimately, these results provide evidence that (i) governors” approval
ratings are related to the partisan slant of their rhetoric in expected ways and (ii) that
the effects of rhetoric seem to be as impactful as the effects of policy itself. These results
should not be interpreted as providing causal evidence that delivering a more aligned

speech increases gubernatorial approval. Even though these speeches occur before the
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surveys, our results are correlational; we cannot rule out other possible explanations like
that voters select rhetorically aligned governors or that popular governors give aligned
speeches while unpopular governors abandon hope of reelection and express their un-
aligned preferences. Nonetheless, these results are consistent with the possibility that
governors can offset penalties of partisan policymaking through rhetoric that better aligns

with constituency partisanship.

Conclusion

As nationalization and polarization have increased in American politics, states have
increasingly become partisan laboratories of democracy (Grumbach 2022). Policy regimes
are driven by an unrepresentative class of activists and elites who have pushed states to
adopt policies that are not in line with preferences of the broader constituency. And yet,
governors are some of the most popular elected officials in American politics. How can
governors preside over unrepresentative policy regimes yet consistently have positive net
approval? We argue that one way governors can make up for partisan policymaking is
through rhetoric that aligns with constituency preferences. Further, we hypothesize that
nationalization and polarization can actually make it easier for governors to align their
rhetoric with national-level constituency partisanship given the degree to which voter
preferences have become more homogeneous and predictable.

We use a machine learning approach to predict the partisanship of each State of the
State Address between 1962-2023, which we compare to the governor’s actual party and
the constituency’s national partisanship. We find that constituency partisanship is an im-
portant predictor of the partisan slant of governors’ rhetoric. Although the governor’s
own partisanship, our measure of elite and activist forces, is always influential, the in-
fluence of constituency appears only in the post-1994 period, after nationalization and

polarization increased dramatically. These results are consistent with the idea of an in-
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crease in information and a consistency of voter opinion that governors could rely on
when speaking. This finding does not contradict prior research about the importance of
elite coordination and partisan policy diffusion—those things matter. Instead our main
point is that voter preferences are more congruent with gubernatorial positions today
than in the past—even accounting for partisan incentives. Blue-state Republicans, like
Phil Scott (R) in Vermont, articulated more Democratic-sounding speeches than their Re-
publican co-partisans in red-states. And the same is true, on average, of governors who
lead states with smaller partisan differences.

In this paper, we assume gubernatorial rhetoric is upstream of state policy outcomes.
Future research could more directly consider the links between what governors express in
their State of the State Addresses and subsequent activity in state legislatures. Given that
many studies focus on outputs of state government, it is theoretically possible (although
we are skeptical) that while governors take actions that are correlated with public opinion,
legislatures may not do so. As part of that research, scholars can see whether governors
are following through on the positions they take in their speeches. Further, future work
might also find a way to systematically collect less scripted forms of communications
by governors such as interviews to see whether the same patterns hold. We expect that
partisan coordination would be less likely to happen for those communications, leading
to patterns where voter partisanship might have an even bigger effect. Finally, researchers
could disentangle the causal effects of state partisanship on gubernatorial agendas, and
the degree to which these changes are driven by selection, responsiveness, or something
else.

The ability for governors to gain voter support through rhetorical representation can
potentially make it more difficult for voters to hold politicians accountable for their policy
actions. Costa (2020) shows that in experiments where voters are informed, they prefer to
have officials who are policy congruent. It is not clear, however, whether voters in prac-

tice have the information they need to hold politicians accountable for their policy actions.
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Voters may simply not have the type of information that is provided in a survey exper-
iment. It could be that voters are more likely to be exposed information about elected
officials’ rhetorical positions than information about their policy actions. Or, they may be
manipulated by the ways in which politicians strategically share and frame information
(e.g., Grimmer, Westwood and Messing 2014; Grose, Malhotra and Parks Van Houweling
2015). This presents a concern that voters may struggle to get their preferred policy out-
comes because they instead focus on officials’ rhetoric and not their policy actions. This
negative outlook is somewhat tempered by the reality that the same forces (polarization
and nationalization) that make it easier for politicians to take rhetorical positions that ap-
peal to their voters, also make it more likely that voters are going to pick politicians who
represent the party preferred by the majority of voters in the state (cf. Ahler and Broock-
man 2018), which could minimize the likelihood that policy representation drifts too far

from the voters’ preferences.
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A Data and Methods

A.1 Speech Availability and Missingness

Our data primarily comes from Butler and Sutherland (2022). Their corpus includes
State of the State Addresses from 1960 to 2016. We extend the data through 2023. How-
ever, the corpus is not a complete set of speeches for all governor-year combinations.
Missingness is driven by (i) speeches that were given but that the original authors could
not locate, (ii) transcription or pre-processing errors in a small number of speeches, and
(iii) states where State of the State Addresses are not given annually, like Texas. Figure A1l
visualizes missingness in the corpus (1962-2023). Each cell represents a governor-year
observation. Dark cells are those for which we have at least one State of the State Ad-
dress. Light cells are those for which we have no speech (for any of the aforementioned
reasons). Our dataset covers 77% of all governor-year observations.

One potential threat to our conclusions is that missingness may not be random. Im-
balance could bias our predicted probabilities if there are systematic correlations between
covariates like party and partisan slant. If, for example, all missing Democrats were more
extreme (e.g., most ideologically liberal, most likely to attack the opposition, most focused
on mobilizing issues, etc) than those governors whose speeches we have, our probabil-
ities would understate the degree of polarization in that year. This problem would be
exacerbated for older years, implying that the increase in polarization we observe could
be driven by artifacts of the dataset.

In Table A1, we show that there is imbalance across both party and region among
the speeches we do have as compared to theoretically complete population (including
all types of missingness). There are more missing Democratic speeches than Republican
speeches, and there are more missing Southern and Western speeches than Midwest and
Northeast speeches. Finally, missingness and time are negatively correlated (—0.33). That
is, cases are more complete the closer we get to 2023. Given these biases exist, we provide
several additional analyses to confirm this bias is not driving our conclusions.

First, we turn to balance across observables that are likely correlated with gubernato-
rial partisan slant. Here, we focus on three characteristics we believe are good proxies: the
governor’s electoral performance in the last election (from Amlani and Algara 2021), the
state public’s economic ideology, and the state public’s cultural ideology (from Caughey
and Warshaw 2016). Ideally, we would also use a measure of gubernatorial ideology, but
not all governors have NOMINATE scores and CF Scores are only provided for governors
after 1990 (meaning we could not investigate any imbalance in the first half of our data

set). To match our training process, for each rolling three year window (e.g., [2020, 2021,
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Figure Al: SOTS by Year in Data
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2022], [2021, 2022, and 2023]), we compute the standardized bias for each variable: the
difference between the observed mean for each variable (i.e., for speeches we do have)
and the theoretical mean (i.e., if we had a speech for every governor-year in our pop-
ulation) divided by the standard deviation in that window. As shown in Table A2 the
median value of this bias across rolling windows is between 0.04 and 0.06, and almost all
rolling windows fall below 0.2 standard deviations. These are generally small differences

and are unlikely to drive our results. For example, Cohen’s (1988) description of effect



Table Al: Missingness by Party and Region

Category N Missing Prop. Missing

Party D 498 0.29
R 292 0.20
Region Midwest 139 0.18
Northeast 117 0.21
South 322 0.31
West 212 0.26

sizes classifies anything less than 0.2 standard deviations as a negligible effect size. Given
that the effect sizes we report in the paper are on the order of 0.5 standard deviations, it’s

unlikely these small biases in the training data explain the variation we observe.

Table A2: Standardized Bias, Rolling Three-Year Windows

Variable Median Std. Bias Pct. Below 0.2 SD
Gov. Dem. Vote Share 0.05 0.98
Public Cultural Ideology 0.06 0.93
Public Econ. Ideology 0.04 0.98

A second way to asses whether partisan extremity is correlated with missingness is
to consider Southern Democrats. This group is widely reputed to have been more con-
servative than non-Southern Democrats, and their decline corresponds with our mea-
sures of nationalization and polarization that shift in 1994. If we over-represent South-
ern Democrats and under-represent non-Southern Democrats in our sample, then our
pre-1994 measures of partisan slant might be biased as we’d be missing the more liberal
Democrats. Predictions would be drawn toward 0.5 in that case making it seem like par-
ties were less polarized in the pre-1994 period even though this would be an artifact of
the training data. However, as shown in Table A3, the patterns of missingness in our data
are the opposite. Prior to 1994, our dataset is missing 32% of non-Southern Democrats but
45% of Southern Democrats. That is, we over-represent non-Southern Democrats relative
to Southern Democrats, meaning the partisan extremity of our pre-1994 sample is likely
more extreme than it would be if we had the complete set of governor-years. Nonetheless,
we observe weaker partisan differences in the pre-1994 period, suggesting our current esti-
mates are conservative—overestimating partisan differentiation in this period due to the

missing, more conservative Southern Democrats. Ultimately, the bias cuts against our



hypotheses rather than towards them.

Table A3: Missingness by Southern/Non-Southern Democrat (Pre-1994)

Category N Missing Prop. Missing
Non-Southern Dem. 405 0.32
Southern Dem. 185 0.45

Finally, we replicate our main model with controls for the party and regional biases in
our dataset across rolling three year windows. For party, this is the absolute difference be-
tween missingness rates for Republicans and Democrats. For regions, this is the weighted
mean absolute deviation from the overall missing rate. As shown in Table A4, when we
control for these two types of imbalance in our model (excluding year fixed effects, which
are colinear), our main results hold.

To summarize: imbalance does exist in our training corpus. Although we cannot re-
solve missingness, nor can we rule out selection on unobservables, the three analyses we
present stress-test distinct threats and indicate that imbalance poses no meaningful risk to
our conclusions. The standardized biases are negligible, we overrepresent non-Southern
Democrats in a way that biases estimates against our core interaction hypotheses, and the
main regression results hold after controlling for the magnitude of these biases.



Table A4: Model Replication Controlling for Party and Region Imbalance

(1)
Two-Party Republican Vote Share (20s) —0.029
(0.100)
Two-Party Rep. Vote (20s) x Post-1994 0.547***
(0.111)
Republican 0.602***
(0.074)
Republican x Post-1994 0.361**
(0.122)
Party Imbalance —1.634+
(0.907)
Region Imbalance —1.798
(1.395)
Election Year 0.099
(0.060)
Governor Running for Re-Election —0.055
(0.079)
Unified State Government 0.021
(0.059)
State Fixed Effects v
Congress Fixed Effects v
Num.Obs. 2427
R2 Adj. 0.410
R2 Within Adj. 0.237

Note: Coefficients come from an ordinary least squares model where the dependent variable is the
(standardized) Republican partisan slant of a speech. Standard errors are clustered at the state level.



A.2 Data Pre-processing

To preprocess our data, before training our models, we: lowercase all words, we re-
place state names, demonyms, and major census places with populations over 50,000,
remove a set of specific stopwords related to digitizing and OCR errors, we correct hy-
phenation errors, and we remove procedural language.

After lower-casing, we replace all references to specific state names or demonyms (e.g.,
Alabama, Alabamian, Alabamians) and major census places with the generic placeholder
“[place]”. Including this kind of place-based information inadvertently teaches the model
relationships between states and parties (if e.g., the governor of Alabama is consistently
Republican). By removing state names, we force the model to focus on more on sub-
stantive information when making predictions. We also remove a set of stopwords like
“digitized by google” and “aaba” that are specific to the digitized corpus. We do not
remove stopwords in the traditional sense of “in,” “the,” etc.

Next, we remove procedural language. In our examination of the corpus, we iden-
tified several instances where scans of legislative journals included non-speech content
(e.g., roll calls, narration of procedural motions, etc) that appeared on pages with gu-
bernatorial rhetoric. If this kind of procedural language were randomly distributed, it
would wash out in our predictions as noise. However, we discovered that this language
was correlated with time (i.e., more prevalent in older speech transcriptions) and with
party (scans of this nature clustered within a few states all of which had the same party
governors). If we trained our models without excluding procedural language, they would
associate it with one party and that would bias our results.

To address this concern we built a supervised random forest model to identify pro-
cedural language. We began by randomly sampling and coding 600 sentences across
decades divisible by 10. Sentences coded as procedural were primarily:

¢ Formulaic legislative language (e.g., “first [place] of the bill,” “a bill for an act mak-

aye’ op-

77447

ing appropriations to the [place] motor fuel vehicle laws commission,
posed, 'no’.”)

* Were suggestive of legislative debate (e.g., “-mr. sanders: a joint resolution to pro-
hibit the pollution control authority of [place] from issuing any permit...”)

* Narrative stage direction (e.g., “justice ewing t. kerr escorted by senator win hickey

and representative don scott.”),

* Specifically discussed legislative procedure (e.g., “he’s violating the rules of the



house by debating on a non-debatable subject” or “i would like to ask for a roll
call vote on this”).

As procedural language is rare, we then engaged in active learning. We used a random
forest classifier to predict whether a new sample of sentences were procedural (looking at
years where procedural language was more prevalent) and we sampled sentences from
that set based on the model’s predictions. We did this four times, stopping when the
accuracy of the model’s predictions stopped improving with new labels. This expanded
our training set to a total of 2,260 sentences. Although this sample is not representative
of the entire corpus, this process ensures we sampled a sufficient number of procedural
sentences as these are rare (i.e., approximately 5% of all the sentences).

We trained the final random forest model on lowercased unigrams and bigrams, ex-
cluding any n-gram appearing in fewer than three documents, and we weighted by tf-idf.
Accuracy on the held out test set was 0.89. We excluded all sentences with a procedural
probability of 0.5 or greater before training our LOO supervised models.

A.3 Model Training Details

We use a multi-step process to generate our predicted probabilities by fine-tuning a se-
ries of BERT-base models. BERT is a transformer-based language model, developed and
trained by Google in 2018, that represents tokens (i.e., words or word sub-pieces) as dense
vectors in a common, multi-dimensional space. Conceptually, tokens that appear closer
to each other in this vector space are more similar to one another. We select this model
for two primary reasons.! First, the BERT-base model is trained on English Wikipedia
articles and English language books. This pre-training process gives the model a start-
ing point from which it develops a nuanced understanding of language. This pre-trained
understanding is helpful in our specific context given that our training data is fairly lim-
ited (as described below, we use just three years of gubernatorial speeches, a maximum
of 150 documents, per year). A traditional model, like random forest, would struggle to
make accurate predictions given the limited training set. Second, unlike static embed-
dings (e.g., word2vec), BERT embeddings are contextual: a token’s vector representation
changes conditional on the surrounding text. For example, the token for “immigrant” will
change position in the vector space where it is preceded by the token “undocumented”
or “illegal.” To the extent that Democrats and Republicans use similar words (e.g., “im-

!We experimented with different approaches, including traditional models like naive bayes and random
forest. We found that BERT maximized classification accuracy across our corpus and provided predictions
with higher face validity.



migration” or “healthcare”) in different contexts (e.g., Rodriguez, Spirling and Stewart
2023), the BERT model can help us better discriminate between the parties.

While, the content of gubernatorial speeches differ significantly from the language
used in Wikipedia and books, BERT is flexible and open-source, allowing researchers
to fine-tune the model and improve performance for their specific context. We conduct
unsupervised fine-tuning in which the model is exposed to distinctly political text—
speeches from the Congressional Record (Gentzkow, Shapiro and Taddy 2019). This step
enables the model to learn relationships between political concepts and words that may
not have appeared in its original training data and allows it to better interpret guberna-
torial speeches. For example, in this step, it might strengthen the association between the
word “alien” and “immigration” rather than “Roswell, New Mexico.” Importantly, the
model is not learning relationships between text and party identification at this stage, but
rather, contextual patterns in political speech. Although this step is not strictly necessary,
it helps the model better understand gubernatorial speeches in the subsequent step. As
political language changes over time (and this is the substantive point of interest in our re-
search), we fine-tune a series of BERT base models, decade-by-decade, allowing for more
flexibility and dynamism in modeling these contextual relationships.? For example, we
fine-tune a model on sentences from speeches in the congressional record of greater than
30 words between 1960 and 1969.3 We do the same for all remaining decades between
1970 and 2010.

In the third and final step, we conduct a leave-one-out (LOO) supervised learning task
(see also Das et al. 2022) in which the relevant fine-tuned model is further trained on gu-
bernatorial speeches in a supervised context—associating sentences with party labels—
and used to predict the party label of each sentence in a held out speech.* Specifically, to
predict the party label of sentences in speech i given by governor g in year t, we begin
with the relevant fine-tuned decade model.°> We then train this model to associate party

labels with sentences of all speeches given by governors —g in year t and all speeches

2The choice of decades is convenient but arbitrary. One could conceivably pre-train candidate models
on more fine-grained or coarser time periods. Given the degree to which political language changes over
time versus the computational time and resources needed to fine-tune these models, decades strike a fair
balance. In Table B7, we replicate our results using a different series of fine-tuning cutpoints.

3We exclude speeches of fewer than 30 words as they are primarily parliamentary or non-substantive.

“We exclude all non-major party governors from training and prediction. We also exclude a small num-
ber of speeches sourced from YouTube transcripts that were lacking punctuation, which is important for
our sentence-splitting algorithm. We conduct minimal pre-processing as described in Appendix A.2.

SOur corpus of gubernatorial speeches ends in 2023, but our Congressional Record corpus ends in 2016.
Thus, the 2010 model is trained only on floor speeches given through 2016 and is used as the base model
for all gubernatorial speeches given after 2009.
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given by all governors in years t — 1 and t — 2.% Finally, we use this model to predict
the party label of each sentence in speech i given by governor g in year t, which was not

included in the training process.

A.4 Face Validity with Human Labeling

To provide systematic evidence of the face validity of our model, we want to know
that when our model claims a sentence (or speech) is “Democratic” (i.e., a low predicted
probability), a human reader would similarly conclude the speech sounds like it was
given by a Democrat (and vice versa for Republicans). One challenge with this task is
that State of the State Addresses contain a mix of partisan and non-partisan content. Wel-
coming remarks, state pride, and allusions to economic growth are both non-partisan and
prevalent. Partisan references are rarer, but much more informative—both to us and to the
public—about the slant of the speech. Our general methodological approach assumes that
(i) non-partisan content is prevalent but evenly distributed across parties (and therefore,
they do not bias the probabilities), (ii) partisan content is unevenly distributed: Demo-
cratic (Republican) speeches should have many more sentences from the lower (higher)
end of the probability distribution.

To empirically test this assumption, we group sentences within speeches into three
categories: the high tail (sentences in upper fifth percentile), the low tail (sentences in the
lower fifth percentile) and the middle (all other sentences). We show this empirical regu-
larity: speeches predicted to be Democratic have, on average 17.63 sentences in this lower
tail but only 5.22 sentences in the upper tail. By contrast, speeches predicted to be Repub-
lican have, on average 23.93 (3.06) sentences in the upper (lower) tail. The remaining
210-236 sentences fall into the middle band, indicating that speeches do contain many
non-partisan sentences, but that the distribution of extreme sentences match the parti-
san slant of the speech as expected. This overall pattern—a large degree of non-partisan
content with a small, but highly skewed selection of partisan sentences—matches our in-
tuition. Most political speeches contain a large degree of prosaic general talk with a few
highly salient, partisan references on which the media and voters will focus and from

which they will draw inferences about a politicians” partisanship.

®The Butler and Sutherland (2022) dataset represents an important effort to digitize the complete set
of gubernatorial State of the State Addresses. While we identified some transcription errors during our
analysis, such errors are an inherent challenge in projects of this scale. Correcting these errors is beyond the
scope of this article; however, we conduct robustness tests in Appendix A.5 and confirm that these errors
have limited implications for our results.

7 Although our corpus includes speeches beginning in 1960, our analysis uses only speeches given in
1962 and after as we need two previous years of speeches to train our models.
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Next, we show in Table A5 that the sentences with these more extreme “tail” probabil-
ities drive almost all variation in the speech-level predictions themselves. The dependent
variable in the regression below is the predicted probability a speech is given by a Re-
publican. The independent variables are counts of the types of sentences in a speech. A
speech with one additional upper tail sentences is predicted to be 11 percentage points
more Republican. A speech with one more sentence in the lower tail is predicted to be
6 percentage points less Republican. By contrast, there is no statistical relationship be-
tween the number of center band sentences and the partisanship of the speech. This
analysis shows that the speech-level probabilities that we use as our primary dependent
variable are driven entirely by these more clearly partisan sentences in the tails rather

than sentences with less apparent partisan valence.

Table A5: The Most Partisan Sentences Drive Speech-Level Partisanship

(1)
Upper Tail ~ 0.107**
(0.004)
Lower Tail —0.061%**
(0.003)
Center Band 0.000
(0.001)
Intercept 47.234%
(0.185)
Num.Obs. 2427
R2 Adj. 0.377

Note: Coefficients come from an ordinary least squares model where the dependent variable is the
probability a speech is given by a Republican governor.

This analysis is relevant for two reasons. First, it empirically validates that speech-
level probabilities are driven by a skewed distribution of high and low tail sentences
across speeches. Democratic speeches have many more low tail sentences than Republi-
can speeches, and vice versa. Further, these high and low tail sentences drive the variation
in our dependent variable, whereas all sentences concentrated in the center band do not
convey strong partisan messaging. Given this empirical regularity, we concentrate fur-
ther validation efforts on sentences in the tails of the probability distribution since they
drive our results. Validating them (rather than a purely random sample that will include
many central sentences) provides the most direct test of whether our model is accurately
capturing partisan slant. Further, human judgement will be most reliable when it comes

to coding these tail sentences as they exhibit clear partisan differences rather than subtle,
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noisier signals.

To sample sentences for hand-coding, we focus on 2022 and 2023 as we expect our RAs
will be more reliable when coding more modern sentences given their innate understand-
ing of the political climate and current differences between Democrats and Republicans.
The difficulty of training an RA to understand partisan differences of the 1970s is exactly
why we chose our machine learning approach in the first place: it does not require that
we make any decisions about why speeches are more or less partisan—we let the data tell
us.

From these years we sample 250 sentences in each end of the distribution, equally
split between 2022 and 2023. Following Carlson and Montgomery (2017), we utilize a
pairwise comparison framework, which they argue can elicit more accurate coding from
non-experts. Within each year, we randomly pair one predicted Democratic sentence
with one predicted Republican sentence. We gave two independent RA’s the following

instructions:

Your task is to identify which sentence is “more Republican” based on your
understanding of the two parties today. Consider their ideological positions,
issue priorities, policy stances, and which groups or figures they typically
praise or criticize. Draw on your knowledge of how Republicans and Democrats
communicate, including implicit signals, coded language, and values. Identify
which sentence better aligns with the Republican party. A sentence need not
be explicitly Republican—it only needs to be more Republican-aligned than its

paired partner.

Our goal was to simulate the voter experience. RAs were expected to draw upon their
knowledge of contemporary politics to make these decisions, just as a voter would when
hearing a State of the State Address and evaluating its partisanship.

We then assess whether the RA’s selection matched the model’s label. Independently,
the RAs’ selections matched the machine label in 76 and 77% of cases, as compared to
a random guess, which would match at 50%. We consider this performance reasonable
given the setup: untrained undergraduates selecting the partisan valence of isolated sen-
tences, where partisan markers may be subtle or non-ideological. However, this accuracy
may understate performance. If we subset to the 198 cases in which the RAs provided
the same label (whether matching the machine label or not), accuracy increases to 88%,
which is quite strong. This indicates that model errors are concentrated in cases where
humans also have difficulty labeling the sentences (i.e., the RAs disagree). When humans
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agree on a label, the model tends to match that label. These results provide a strong sense
of face validity to our measure.

Additionally, within this overlapping subset, we find that disagreements between the
RAs and machine labels are balanced. There is no systematic bias of the model to predict
Republican where the RAs pick Democratic or vice versa. The confusion matrix indicates
that disagreements are 11 in one direction versus 13 in the other (p = 0.84 in a binomial
test). This result indicates that, within the 20222023 validation set, our model is not sys-
tematically biased in either direction. Although we cannot conclude that this is true for
our entire corpus, given that our models are trained year-by-year to detect contemporane-
ous partisan differences, we have no reason to expect this pattern to differ in earlier years.
If this assumption holds, then any random error in our dependent variable will wash out

when we aggregate to the speech level while preserving the actual partisan signal.

A.5 Transcription Errors and Effects on Conclusions

In pre-processing the Butler and Sutherland (2022) speech corpus, we identified sev-
eral speeches in which the OCR is, understandably, imperfect. Given the scope of the
project, the diversity of formatting across state journals, and the difficulty of process-
ing older scans, we identified several instances in which non-speech content is included
(e.g., the Speaker introducing the governor) as well as instances where sentences may be
spliced together due to irregular formatting.

The most worrying concern is that these transcription errors may be correlated with
time. That is, older journals have more problematic formatting and lower quality scans
than more recent journal scans or text scraped directly from websites on which speeches
were hosted. This could impact our model to the extent that our unit of analysis is the
sentence, and it is possible, then, that these transcription errors—especially in the form
of spliced sentences could be consequential. Given our descriptive conclusion that the
extremity of predictions, and thus partisanship, has increased over time, is it possible
that this conclusion is driven entirely by transcription error?

Although correcting these errors is the beyond the scope of our project, we acknowl-
edge that these transcription errors could be consequential for the conclusions we draw.
To probe the sensitivity of our results, we use our manually collected and validated 2021-
2023 set of State of the State addresses, which we are confident contain few, if any, tran-
scription errors. In our analysis, we intentionally degrade the quality of the text by ran-
domly splicing sentences in a random subset of speeches. Then, we run the same predic-
tion exercise as the main text, using the now degraded 2021-2023 speeches to predict the
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label of all sentences in 2023 through the LOO process.

From our qualitative examination, these errors tend to be persistent within certain
states (given that their journals have consistent formatting across a period of time) and
they appear to affect a low-to-moderate number of sentences within speeches. To probe
the sensitivity of our conclusions we take a grid-based approach in which we indepen-
dently vary the proportion of states affected and the proportion of sentences affected
within speeches (both, 0 to 0.3 by 0.05 intervals). Each time we iterate through a combi-
nation of values, we conduct an entire LOO prediction loop on all 2023 speeches.

With these new predicted probabilities, we focus on the accuracy of each predic-
tion. That is, does the governor’s true party match the model’s predicted party (i.e., if
Pr(R) > 0.5 the governor is a Republican). We focus on accuracy because our concern
is that if scans have poor quality, the model will provide moderate, rather than extreme,
predictions, and be less likely to accurately classify a governor’s party. This would occur
because garbled text would be unique, unlike any other governor in the sample, and the
model would not place that governor among her co-partisans. Thus, if earlier scans have
poor quality, the predictions could be more moderate under this assumption, making it
look like governors were less polarized.

We compute the predicted probabilities and assess the accuracy of predictions for all
49 possible combinations. In the original run with no degradation, the model correctly
predicted the party of 90% of speakers in 2023. Across our permutation tests, accuracy
ranges across the interval [0.80, 0.98]. We also note that the standard deviation of accura-
cies across these permutation tests is 0.035, whereas the standard deviation of accuracies
across the original data (i.e., all speeches 1962-2023) is 0.095. To the extent that tran-
scription errors degrade accuracy, they account for about one-third of that variation on
average. That leaves two-thirds of the variation to be explained by speech-specific factors.
And, interestingly, these errors can actually improve classification accuracy—likely due to
introducing artifacts and regularizing text in a way that is informative to the model. That
implies we may be overestimating polarization in earlier periods of our study. Together,

this test provides evidence that our results are robust to these transcription errors.

B Descriptives and Results

B.1 Descriptives

In Figure 2, we plot the partisan slant of speeches from most Republican to most
Democratic with confidence intervals and generate confidence intervals via bootstrap-
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ping. Some of these confidence intervals overlap 0.5, indicating that these governors give
speeches that cannot be reliably classified as Democratic or Republican. Is that because
these governors are more moderate or because they focus on non-policy issues?

To address this question, we group states into three categories: strong Democrat (con-
fidence intervals fully below 0.5), strong Republican (confidence intervals fully above 0.5),
and “moderate” (confidence intervals overlap 0.5). To determine whether these moderate
governors are genuinely moderate or too difficult to classify, consider two types of sen-
tences: those that concern policy and those that do not (e.g., expressions of state pride,
generic praise, etc). If moderate governors are genuinely moderate, the distribution of
their policy and non-policy sentences should mirror that of the partisan governors, but
the average partisan slant of those policy sentences should lie in the interval between
strong Democrats and strong Republicans and be closer to 0.5. Alternatively, if these
moderate governors are more difficult to classify, the the distribution of sentences should
be more heavily weighted toward non-policy sentences as compared to strong partisans,
but the partisan slant of policy speeches may be partisan.

To adjudicate between these hypotheses, we look to the Comparative Agendas Project,
which categorizes policy content into 21 major categories like the macroeconomy, educa-
tion, and health. Specifically, we leverage set of keywords for each of these 21 categories
from Eshima, Imai and Sasaki (2024). For each sentence in each speech in 2023, we code
it as policy-focused if it uses any of these keywords and not policy focused otherwise.
We then aggregate across the three groups and review (i) the average proportion of pol-
icy and non-policy sentences per speech and (ii) the average partisan slant of policy and
non-policy sentences.

The results, in Table B1, are consistent with the hypothesis that these governors are
genuinely moderate. First, the distribution of policy and non-policy sentences are sim-
ilar across governor-types. Partisan and moderate governors deliver about 64% pol-
icy sentences and 36% non-policy sentences on average. Distributional differences be-
tween types are minuscule. What differs is the partisan slant of policy sentences. Strong
Democrats” policy statements have an average partisan slant of 0.41. For moderates, it is
exactly 0.50, and for strong Republicans, 0.57. This is the pattern we would expect to see
if moderates were truly moderate.

As a quick check of face validity, in Table B2, we present a sentence from each type
of governor in education and healthcare. These examples illustrate the patterns in Table
B1l. For example, the Republican education statement focuses on indoctrination while
the Democratic statement emphasizes affordability and poverty. The moderate statement
emphasizes opportunities for all students through a mix of partnerships. In health policy,
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Table B1: Policy and Non-Policy Sentence Composition by Governor Type, 2023

Policy Non-Policy

Governor Type Prop. Slant Prop. Slant

Strong Democrat 066 041 034 044
Moderate 0.62 050 038 049
Strong Republican  0.62 057 038 0.54

the Republican statement focuses on the free market while the Democratic statement fo-
cuses on government support. The moderate statement much more generic and focused
on the people of the state. The partisan governors deliver sentences more closely aligned
with partisan positions, whereas moderates still talk about policy, but in ways that are
more difficult to clearly align with Republican or Democratic positions.

Table B2: Example Sentences by Governor Type, 2023

Governor Type Sentence Pr(Rep.)
Strong Republican because when we send our kids to college, we expect 0.67
our tuition to pay for their education, not their
indoctrination!
Moderate follow ron’s lead, be innovative, be transformative, 0.55

develop partnerships with the private sector, don’t be
constrained by brick and mortar, and improve
education opportunities for all our students.

Strong Democrat ~ our commitment to making education accessible and 0.27
affordable is lifting families out of poverty for the
first time in decades and putting them on the path to
success.

Strong Republican instead, seek innovative free market solutions that 0.57
disrupt traditional healthcare delivery models,
increase competition, and lead to better health
outcomes for [place].

Moderate together, we” improve our health care options for 0.50
children and for families.
Strong Democrat ~ we also need to make sure those who can leave the 0.36

hospital, but still need care as they recover, have
support from home health agencies.

Together, these results provides distributional evidence that speeches with confidence

intervals overlapping 0.5 are genuinely moderate. The model is uncertain about the par-
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tisanship of the speaker based on how they talk about policy—not due to their focus on
different, generic issues.

In Figure B1, we plot the proportion of Democratic governors with a partisan slant to
the right of median Republican governor’s partisan slant (and vice versa for Republican
governors). We then averaged these values to get a sense of the amount of overlap be-
tween the two parties in each year. This quantity had a median value of about 0.21 from
1962 until the early 2000s, at which point, it has declined to a median 0.04 after. With
rare exceptions in 2008 and 2011, this quantity has not exceeded 0.1 since 2004, whereas
it frequently did so before this time. This interpretation mirrors the visual pattern in the
density plots showing that gubernatorial polarization has increased substantially from
the pre-Gingrich era.

Figure B1: Proportion of Governors Crossing the Other Party’s Median by Year

Average Proportion of Partisans
Crossing Opposing Party Median

Year

B.2 Additional Models

In the main text, we interact our key independent variables with a binary post-1994
indicator variable. However, our results are not sensitive to this choice. In Table B3, we
provide three alternative tests that provide similar conclusions. Column 1 uses a linear
time trend that reveals the same relationship: as time increases, there is an increasing as-
sociation between gubernatorial party and state presidential vote share and republican
slant. Column 2 uses decades as breakpoints rather than the binary pre/post-Gingrich

cut point; these correlations are generally significant beginning in the 1990s and 2000s,
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consistent with our original 1994 operationalization. Finally, in column 3, we include an-
other model that breaks at three key realignments in American politics: the 1981 Reagan
Revolution, the 1994 Gingrich Revolution, and the start of Trump’s first presidential term
in 2017. Like the decade model, this model shows that there is no interaction effect be-
tween either governor party or state presidential vote share in the pre-1994 periods, but
there are positive interactions for these variables in both post-1994 periods.
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Table B3: Time-Varying Trends are Robust

@ @ ®
Republican 0.413*  0.409*** 0.568***

(0.125)  (0.108)  (0.094)
Two-Party Republican Vote Share (10s) —0.212+ —0.067 0.004

(0.121)  (0.102)  (0.107)

Year —0.080**
(0.028)
Republican x Year 0.011**
(0.004)
Rep. Vote x Year 0.014***
(0.003)
Republican x 1970 0.172
(0.175)
Republican x 1980 0.446*
(0.217)
Republican x 1990 0.267
(0.211)
Republican x 2000 0.313+
(0.174)
Republican x 2010 0.557**
(0.169)
Republican x 2020 1.071%**
(0.270)
Rep. Vote x 1970 0.226
(0.162)
Rep. Vote x 1980 —0.280
(0.331)
Rep. Vote x 1990 0.594+
(0.315)
Rep. Vote x 2000 0.377*
(0.155)
Rep. Vote x 2010 0.495**
(0.165)
Rep. Vote x 2020 0.765**
(0.226)
Republican x 1981-1994 0.075
(0.117)
Republican x 1995-2016 0.264+
(0.142)
Republican x 2017+ 0.747*
(0.296)
Rep. Vote x 1981-1994 —0.215
(0.251)
Rep. Vote x 1995-2016 0.346*
(0.134)
Rep. Vote x 2017+ 0.649**
(0.237)
Election Year 0.126+ 0.107 0.097
(0.063) 0.071)  (0.072)
Governor Running for Re-Election —0.043  —0.051 —0.046
(0.079) (0.079)  (0.084)
Unified State Government 0.038 0.027 0.014
(0.057) (0.061)  (0.059)
Fixed Effects
State v v v
Congress v
Year v v
Num.Obs. 2427 2427 2427
R2 Adj. 0413 0.430 0.426
R2 Within Adj. 0.241 0.259 0.254

+p <0.1,*p < 0.05*p < 0.01, * p < 0.001

Note: Coefficients come from an ordinary least squares model where the dependent variable is the
(standardized) probability a speech is given by a Republican governor. Standard errors are clustered at the
state level. 20



The models in Table B4 replicate the model in column 2 of Table 2 in the main text
with results split by party. We can see that there is a correlation between what governors
in both parties say and presidential partisanship in the post-1994 period. There are no
heterogeneous treatment effects by party.

Table B4: Interaction with Decade
Dem. Only Rep. Only

1) )
Two-Party Republican Vote Share (20s)  —0.218+ 0.051
(0.109) (0.216)
Two-Party Rep. Vote (20s) x Post-1994 0.638** 0.570**
(0.211) (0.167)
Election Year —0.052 0.257**
(0.099) (0.095)
Governor Running for Re-Election —0.044 —0.094
(0.114) (0.108)
Unified State Government 0.014 0.089
(0.115) (0.097)
Fixed Effects
State v v
Year v v
Num.Obs. 1225 1202
R2 Adj. 0.344 0.281
R2 Within Adj. 0.019 0.047

Note: Coefficients come from an ordinary least squares model where the dependent variable is the
(standardized) probability a speech is given by a Republican governor. Standard errors are clustered at the
state level.

In Table B5, we control four additional factors that could confound the relationship be-
tween our key independent variables and rhetorical partisan slant: policy mood, unem-
ployment, income, and primary type. We download an annual measure of policy mood
from James Stimson’s website as well as measures of annual state-level unemployment
and state-level per capita personal income (converted to 2023 dollars) from the Federal
Reserve Bank of St. Louis. Public mood and per capita personal income are available
across our time series while state unemployment is available beginning in 1976.

We also sourced data on the type of primary held in each state for each year in our time
series. For years since 2000, the National Council of State Legislatures provides the type of
state primary for each year in each state across several different categories including open,
closed, several types of partial openness, and other institutions like top-two or blanket.
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Information before this period requires some additional sourcing and assumptions. To
extend our data back to 1962, we use data from Pettigrew, Owen and Wanless (2014) on
House primary elections. Doing so requires that we make a few assumptions. First, we
must assume that federal law matches state law when it comes to primary type. Second,
the categories, while similar, are more coarse than the NCSL data. Third, because this
dataset only has information for years in which a primary occurred, we assume the type
of primary is constant until the next primary in which there is a change. Finally, some
years in this dataset provide multiple indicators of the type of primary. To reconcile these
two datasets, we bin primaries across datasets into four types: open, closed, partial, or
other (which includes blanket, top-four, top-two, etc). In years where there are multiple
types of primaries listed, we default to the most open type given that that should induce
less polarization. Given inconsistencies between these two datasets in how they handle
Louisiana’s jungle primary and Nebraska’s non-partisan primary, we drop them from our
analysis.

We re-run our main interaction model including these four covariates substituting
congress for year fixed effects given colinearity between year and mood. The inclusion of

these covariates do not alter the substantive interpretation of our original model.
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Table B5: Replication with Additional Controls

(1)
Two-Party Republican Vote Share (20s) —0.084
(0.186)
Two-Party Rep. Vote (20s) x Post-1994  0.529**
(0.162)
Republican 0.677***
(0.107)
Republican x Post-1994 0.304*
(0.140)
Policy Mood 0.019
(0.020)
Unemployment Rate —0.006
(0.021)
Per Capita Income (2023 Dollars) 0.000
(0.000)
Open Primary —0.018
(0.134)
Partially Open Primary —0.162
(0.120)
Other Primary Type 0.071
(0.133)
Election Year 0.084
(0.068)
Governor Running for Re-Election —0.049
(0.087)
Unified State Government 0.032
(0.062)
Fixed Effects
State v
Congress v
Num.Obs. 1962
R2 Adj. 0.431
R2 Within Adj. 0.238

Note: Coefficients come from an ordinary least squares model where the dependent variable is the
(standardized) probability a speech is given by a Republican governor. Standard errors are clustered at the
state level.
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Table B6 models the relationship between gubernatorial approval, partisan slant of
governors’ speeches, and respondent party in the CES, 2006-2020. This model generates

the marginal effects in Figure 6.

Table B6: Relationship between Gubernatorial Approval and Rhetorical Partisan Slant
(1)

Partisan Slant (R) —0.218***
(0.045)
Republican Respondent 0.106
(0.079)
Partisan Slant (R) x Republican Respondent 0.463***
(0.082)
Policy Conservatism —0.218**
(0.078)
Policy Conservatism x Republican Respondent  0.278***
(0.055)
Republican Gov. 0.043
(0.045)
Two-Party Republican Vote Share (20s) 0.025
(0.129)
Independent Respondent —0.107*
(0.042)
Partisan Slant (R) x Independent Respondent 0.234%**
(0.044)
Policy Conservatism x Independent Respondent (0.149***
(0.030)
Election Year —0.036
(0.030)
Governor Running for Re-Election 0.037
(0.036)
Unified State Government —0.094**
(0.035)
Fixed Effects
Governor v
State v
Year v
Num.Obs. 408324
R2 Adj. 0.159
R2 Within Adj. 0.124

Note: Coefficients come from an ordinary least squares model where the dependent variable is the 3-point
approval of the governor. Standard errors are clustered at the respondent and governor level.
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Table B7, we replicate our main interaction model where we have fine-tuned our un-
derlying models by political transition rather than decade, as in the main text. Instead of a
separate model fine-tuned for each decade in the Congressional Record, we fine-tune this
model on the Congressional Record in the following three periods: 1962-1981, 1981-1994,
and 1994-2023. These results are nearly identical to those using the decade fine-tuning.

Table B7: Replication of Main Results with Fine-Tuning by Political Realignment

(1)
Two-Party Republican Vote Share (20s) —0.037
(0.097)
Two-Party Rep. Vote (20s) x Post-1994  0.564***
(0.110)
Republican 0.607***
(0.074)
Republican x Post-1994 0.364**
(0.114)
Election Year 0.102
(0.068)
Governor Running for Re-Election —0.077
(0.078)
Unified State Government 0.020
(0.059)
Fixed Effects
State v
Year v
Num.Obs. 2427
R2 Adj. 0.432
R2 Within Adj. 0.250

Note: Coefficients come from an ordinary least squares model where the dependent variable is the
(standardized) probability a speech is given by a Republican governor. Standard errors are clustered at the
state level.
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