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Abstract

How do people speak where there is no freedom of speech? Using a speech corpus
built for speech recognition, we compare Mandarin speakers from Mainland China and
Taiwan reading sentences that are effectively randomly assigned and classified as polit-
ical or non-political. In a difference-in-differences design with individual and sentence
fixed effects, Mainland Chinese men speak 0.2 SD faster and 0.4 SD quieter when read-
ing political content, an acoustic pattern associated with mild fear in Mandarin. No
comparable effect appears among women, mirroring the gendered pattern of political
repression. A placebo using American and British English speakers yields null results.
The effect is more pronounced in provinces that experienced high fatalities during the
Cultural Revolution and among older cohorts, but not in provinces more repressed
today. This suggests an internalized legacy of fear embedded in speaking habits, not
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1 Introduction

Appeals to “give citizens a voice” have long served as metaphors for political representation
and empowerment, especially in authoritarian contexts (e.g., Hirschman ). We shift
from metaphor to method and ask: does authoritarianism shape not only what citizens say
but how they say it: how fast, how loud, how acute or grave they sound when talking
about politics? Self-censorship is central to how authoritarian regimes function, yet it is
inherently hard to measure. Survey responses may themselves be distorted by the very
phenomenon one seeks to detect. Speech acoustics offer a different window. Lying partly
beyond conscious control, and absorbing local norms and cultures of speech, they can reveal
behavioral tendencies that standard instruments miss.

We test this proposition by comparing Mandarin speakers from Mainland China and
Taiwan. This setting is uniquely suited to our question. The two populations share a
language, allowing us to hold constant the many sentence-level characteristics that shape
how text is spoken, yet inhabit starkly different institutional environments: Mainland China
scores 9/100 on the Freedom House index (below Cuba and Iran), while Taiwan scores 94/100
(above the United States and the United Kingdom, Freedom House ). Our data come
from the Common Voice Corpus (Mozilla ), an open-source dataset developed for speech
recognition technology. Volunteers record short sentences displayed on their screen; crucially,
sentences are effectively randomly assigned. We extract three acoustic measures—tempo,
volume, and pitch—from approximately 300,000 voice clips, and classify each sentence as
political or non-political. Our difference-in-differences design, with both individual and
sentence fixed effects, identifies the effect from within-person, within-sentence variation:
how the same speaker’s acoustics shift when reading a political rather than a non-political
sentence, relative to the same shift under different political institutions.

We find that Mainland Chinese men speak fast and low when reading political sentences.
Relative to Taiwanese men, they increase their tempo by 0.2 characters per second (approx-
imately 0.2 standard deviations) and lower their volume by 2.3 decibels (approximately 0.4
standard deviations). No comparable effect appears among women. This acoustic pattern—
faster and quieter speech—is associated with mild fear and stress in the Mandarin phonetics
literature (Zhang, Ching, and Kong , Li and Huang , Chnag, Young, and Yuen

, Anolli et al. ). We do not find robust effects on pitch, consistent with the fact
that tonal languages such as Mandarin constrain the use of pitch for emotional expression.
The results are robust across alternative measures of the dependent variables, alternative
definitions of political content, and alternative sampling restrictions. A placebo test compar-

ing American and British English speakers—who share the language but face no comparable



institutional variation—yields null results for all outcomes and both genders. A randomiza-
tion test confirms that the effects are unlikely to arise from any other, arbitrary, partition
of sentences.

The concentration of the effect among men mirrors the gendered pattern of political
repression in China: men constituted approximately 70% of those killed during the Cultural
Revolution (MacFarquhar and Schoenhals , p128) and remain the large majority of
political prisoners today (Global Voices ). We explore whether the acoustic effect reflects
rational caution in response to current surveillance, or an internalized legacy of historical
repression. Exploiting within-China geographic variation, we find that the effect is driven
by men from provinces with high rates of political killings during the Cultural Revolution
(1966--71), not by men from provinces with high rates of political imprisonment today.
Consistently, the effect is stronger among older cohorts. We term this the acoustic legacy
hypothesis: vocal patterns around political speech reflect internalized dispositions—akin to
Bourdieu’s (1977, 1990) concept of habitus—shaped by historical repression and transmitted
through family, schooling, and local norms, rather than deliberate risk calculation alone.

This paper makes three contributions. First, it provides direct quasi-experimental ev-
idence that authoritarianism shapes how citizens speak about ordinary politics. If even
low-stake political content triggers acoustic markers of fear, this may have implications for
both preference revelation and information aggregation: citizens may distort the signals
they send not only in surveys but in everyday discourse, compounding the epistemic gap
that authoritarian regimes face in learning about policy needs (Kuran , He and Warren

, Truex , Kim et al. ). Second, it advances understanding of the gendered
and historically rooted character of political behavior under authoritarianism, contributing
to a growing literature on the legacies of repression (Rozenas and Zhukov , Reisinger,
Zaloznaya, and Woo ), the economics of culture and institutional persistence (Bisin and
Verdier ; Nunn ; Alesina, Giuliano, and Nunn ; Giuliano and Nunn ; Bisin
and Verdier ), and gender and politics in China (Su , Fan, Pan, and Zhang ).
Third, it demonstrates that speech corpora, originally built for AI applications, can serve
as a tool for social science, offering a lens on political behavior that is especially valuable in

contexts where survey data are scarce or unreliable.

2 The Acoustics of Authoritarian Politics

This paper proposes and tests the proposition that human voices can reveal behavioral
tendencies that are hard to gauge using standard survey and behavioral measures. Our

central hypothesis is that threatened citizens under authoritarian rule, or those scarred by



political repression, display distinctive acoustic markers of stress when prompted to talk
about politics—including ordinary politics. In the case of China, this refers overwhelmingly
to men. Despite socialist claims of gender equality, women remain marginalized in politics—
offline and online (e.g., Su , Jiang and Zhou , Fan, Pan, and Zhang , Wagner,
Gainous, and Abbott ). Politics is a male business, and so is political repression. Men
made up approximately 70% of those killed in the late sixties during the Cultural Revolution
(MacFarquhar and Schoenhals , p128), and they are equally over-represented among
those jailed for political crimes today (Global Voices

This hypothesis draws on two fields. First, comparative politics, which allows us to
establish how the institution of free speech or lack thereof shape the characteristics of daily
political discussion and self-censorship. Second, socio-phonetics, which has linked particular
acoustic patterns of tempo, volume, and pitch to particular emotions such as anger, joy, or
stress in general and for Mandarin in particular.

While authoritarian regimes seek to control the masses (Svolik ), contemporary
China does not eliminate all forms of online or offline criticism emerging in everyday com-
munication (e.g., King, Pan, and Roberts , Qin, Stromberg, and Wu , Chen and Xu

, Distelhorst and Hou , Kloet and Poell ). This might allow for some genuine
political discussion—and information aggregation—at least regarding mundane, day-to-day
matters of public policies that do not directly threaten the regime (e.g., Wong and Liang

). Indeed, advocates of the Chinese “deliberative authoritarianism” model stress that the
CCP does not simply tolerate but sometimes explicitly elicits constructive criticisms. This
allows the regime to reduce the epistemic gap that authoritarian regimes typically face in
learning about policy needs and preferences (He and Theggersen , He and Warren ,
He and Wagenaar , Pan and Xu ). In practice, however, the boundaries of per-
missible speech are opaque, which may lead citizens to avoid political discussion altogether
(Kim et al. , Wedeen , Jiang ). In other words, even when this is unintended,
the very nature of authoritarian rule may restrict political discourse not only on sensitive
topics but also on routine policy issues.

Whether constraints on free speech silence casual political discussion (and not just dis-
sent) is inherently hard to test. Some studies of contemporary China attempt to measure
the extent of self-censorship by looking at patterns of overly positive answers or missing
responses in surveys, but the evidence remains limited. Consider the 2018 World Values
Survey. 82.2% of respondents from Mainland China agree that the government has the right
to “keep people under video surveillance in public areas” , with less than 1% missing data, a
similar rate to "how often do you discuss politics” . It is possible that citizens genuinely sup-

port this policy, as argued by Yang ( ). But it is also possible that citizens are reluctant



to say they do not support it.!

We suggest that the acoustic characteristics of political discussion provide an unexplored
window into how institutional environments shape ordinary discussion. However, imple-
menting this idea—i.e., isolating the effect of institutional constraints on speech acoustics—
requires two critical sources of variation. First, we need institutional variation in political
freedom between countries within the same language to control for how sentence character-
istics (such as length and tonal requirements) inherently shape tempo, volume, and pitch
across languages. Second, we need variation in topics of conversation spoken by the same
individual, to control for individual speaking styles, since individuals naturally vary in how
loud or fast they speak. Our research design satisfies both requirements. We test whether
citizens from Taiwan and Mainland China display distinctive acoustic markers—suggestive
of self-censorship—when speaking about ordinary political topics, compared to non-political
topics. Specifically, the acoustics of authoritarianism should feature political speech that is
both faster and quieter, a pattern that the Mandarin phonetics literature associates with
stress and mild fear. (Zhang, Ching, and Kong , Li and Huang , Chnag, Young,
and Yuen , Anolli et al. ). Intuitively, people may speak quickly to finish the task,
and softly to avoid notice. Importantly, however, this need not be a conscious or deliberate
choice. It may reflect internalized local norms and cultures of speech.

While the verbal dimension of speech has received extensive attention in political sci-
ence through text analysis, research on its nonverbal components remains very limited. At
the intersection between political science and biology, the few papers on voice and poli-
tics share a research interest in gender and political leadership, a methodological focus on
pitch, and an institutional focus on democracy and elections. These studies show that low
pitch can affect political outcomes by conveying charisma, credibility, or authority across
and within genders (Klofstad, Anderson, and Nowicki , Klofstad , Banai, Banai,
and Bovan , Searles et al. , Klofstad , Anderson and Klofstad , Bous-
salis et al. , Cinar and Kibris )—a result that is not specific to political leadership

(e.g., Mayew, Parsons, and Venkatachalam ). Moving beyond how leaders’ voices are

!Jiang and Yang ( ) show that expressed political support for the government surged in surveys
following a political purge in Shanghai in 2006, suggesting extensive preference falsification. Meanwhile,
Shen and Truex ( ) show that nonresponse rates are similar in authoritarian regimes and democracies,
casting doubt about how sensitive discussion of politics is in the former. Carter, Carter, and Schick ( )
use two carefully designed survey experiments to find that institutional support for the CCP is grossly
overestimated in public surveys: when asked about the same support in a list experiment, support drops
spectacularly. In turn, such a result contradicts previous results by Lei and Lu ( ). Studying both
support levels and nonresponse rates in China, Lei and Lu ( ) shows that randomly knowing whether a
survey is commissioned by the CCP does not affect nonresponse rates, and can even decrease support. But
directly asking citizens in Hong Kong about the extent of their self-censorship amid deteriorating democratic
conditions following the 2020 crackdown reveal strong levels of self-censorship (Yuen and Lee ).



perceived, Dietrich, Hayes, and O" brien ( ) study how variations in vocal pitch can
themselves reveal underlying emotions. Analyzing Congressional floor speeches, they show
that female Members of Congress speak with greater emotional intensity when talking about
women as compared with both their male colleagues and their speech on other topics. While
Dietrich, Hayes, and O" brien ( ) uses individual-level FE, the inability to fully control
for sentence characteristics—unavoidable given that Members of Congress rarely repeat the
exact same text—Ileaves open the possibility that content differences drive the results. This
is a powerful demonstration that audio data can convey political information inaccessible
through text alone or other traditional means such as surveys.

We build on these insights to advance the literature in five important ways. First, we
study authoritarian rather than democratic regimes. Unlike democracies, autocracies typi-
cally limit the collection and distribution of data, especially if suspected to have some polit-
ical meaning. And as mentioned, traditional tools like surveys, interviews, and experiments
may be less useful in autocracies. Second, we study citizens rather than leaders. Unlike
leaders, citizens do not typically give political speeches. Analyzing their voices thus requires
a novel data collection strategy. Third, unlike English Mandarin is a tonal language that
highly constrains the use of pitch for expressivity. To address this, we go beyond pitch and
employ a richer set of acoustic metrics, borrowed from the phonetics literature. Fourth, our
design is comparative rather than based on a single country and institutional setting. Fifth,
we are able to use not only individual but also sentence fixed effects, as different individuals
may be assigned to read the exact same sentence. This allows for very tight internal validity.
Essentially, we hold constant the numerous sentence characteristics that are hard to control

for when comparing speech across sentences.

3 Data

We start by describing the construction of our main dataset. We then explain the acoustic
metrics—tempo, volume and pitch—which form our main dependent variables. Finally, we
describe how we code the political contents of sentences, which forms our main explanatory

variable. Table A.1 provides descriptive statistics.

3.1 The Common Voice Project speech corpus

We use data from the November 2024 release of the Common Voice Corpus (Mozilla )
hereafterCVC. Launched in 2017, the CVC project aims to build the largest open-source,

multilingual dataset of voice recordings for machine-learning applications in speech technol-



ogy (e.g., automatic speech recognition). While the CVC is generally a language rather than
country-based dataset, it includes separate datasets for Mainland Chinese and Taiwanese
speakers, the former relying on simplified written Mandarin and the latter on Traditional
Mandarin.

The CVC is crowdsourced: contributors (i) record sentences in voice clips, (ii) submit
additional sentences, and (iii) validate (i) and (ii). Most volunteers only record voice clips and
most sentences are scraped from mainstream internet sources, especially Wikipedia.? Each
of these voice clips is recorded as a separate MP3 file. Each MP3 has an ID that matches
to the ID of each sentence/speaker couple. When speakers sign up to donate their voice,
they are asked to report their vocal gender (male-masculine, female-feminine, nonbinary
or transgender voice), their age (binned in intervals of ten years), and their accent. For
accent, individuals can either click a regional option or write a short summary of their vocal
influences.

The CVC is structured around standard ML subsets (train, unvalidated, test, develop-
ment, other, and validated). The validated subset consists of voice clips and sentences that
have been reviewed and confirmed by at least two volunteers as accurate transcriptions—
meaning that the voice matches the sentences, avoiding people playing with the dataset and
recording something else. We rely on this large, higher quality subset. The raw validated
dataset covers, respectively, 186,502 and 83,118 voice clip recordings, of 50,676 and 17,204
sentences, by 5,582 and 1,732 Mainland Chinese and Taiwanese speakers.

We clean the dataset in four steps. First, we identify and remove poor quality recordings
that escaped users’ validation.? Second, we identify and drop complex IDs from individuals

that record their voice in both the Chinese and Taiwanese dataset.* Third, we remove

2Due to sentence donation being insufficient, most sentences are scraped from Wikipedia and added to the
sentence collector according to a specific protocol discussed in a dedicated github page here. After agreeing
to donate their voice at commonvoice.mozilla.org, volunteers get random sentences on their screen and read
them out aloud (see e.g. A.1).

3We can calculate the output variables for respectively 99.98%, 99.99% and 100% of MP3s. For 537
entries, either pitch or volume is missing. For 83 entries, both volume and pitch metric are missing. In those
cases, the file is basically silent. It still has a tempo, because it has a beginning and an end (i.e. the MP3
is not “corrupted” ). Utterances that could be ascribed a volume but not a pitch are typically covered in
noise (listen e.g. zh-CN__33489767) while in the opposite case the speaker is either whispering or recording
from too far (listen e.g zh-CN_ 32981377). We remove rows with missing volume and/or pitch, typically of
low quality, and our sample slightly decreases to 7,256 unique IDs and 269,083 utterances.

4This exclusion removes 53 IDs for a total of 10,302 entries that appear in both the Mainland Chinese
and Taiwanese corpora, since individuals could in principle record their voice in multiple datasets, and a
very small number of them did. This could reflect e.g. the fact that the Chinese corpus was first published
in 6/11/2019, while the Taiwanese dataset began earlier in 2/25/2019, and hence some Mainland China
speakers wanting to donate their voice had nowhere to go for a few months, or simply wanting to engage
with multiple variations of written Mandarin. After this second cut, we have 7,203 unique individuals and
258,781 recorded MP3s.


https://github.com/common-voice/cv-sentence-extractor
https://commonvoice.mozilla.org/en/speak
file:../../freespeech/audio/volumenopitch.mp3
file:../../freespeech/audio/pitchnovolume.mp3

one-word utterances and ensure that identical sentences are given the same ID.°

Our effective sample includes 239,576 voice clips from 6,114 Mandarin speakers covering
61,468 unique sentences. Of these, 5,582 Mainland Chinese speakers recorded 186,502 voice
clips reading 50,676 sentences, while 1,732 Taiwanese speakers recorded 83,118 voice clips
reading 17,204 sentences, 2,398 of which were assigned to both Mainland Chinese and Tai-
wanese speakers. We are able to compute the key acoustic measures for over 99% of all voice
clips. Recordings started in 2019, however we have no information about the exact date of

each recording.

3.2 Acoustic metrics

Speech is produced in two steps. Air is pushed out from the lungs and sets the vocal folds
into vibration, generating sound waves—patterns of pressure variation in the surrounding air.
Coordinated movements of the mouth and nasal cavity then shape these waves into recog-
nizable speech sounds. These sound waves vary along three key dimensions: tempo, volume,
and pitch. Tempo reflects how speech unfolds over time and captures the rate at which
sounds are produced. Volume reflects the strength of pressure variations in the sound wave,
and pitch reflects how fast the vocal folds vibrate. Our acoustic metrics are derived using
the parselmouth library in Python (Jadoul, Thompson, and De Boer ), which is based
on Praat, the standard phonetics software available at http://www.fon.hum.uva.nl/praat/.
Before processing, each MP3 file is denoised using a specific Python package (noisereduce)

and converted into a format Praat can read.
Tempo

“Tempo” is a shorter name for “speech rate” | given by

number of characters in a sentence (c)

= Pdc- (1)

Tempo =
P duration of speech in seconds (d)

Higher tempo means a quicker reading of a sentence. We measure ¢ using all characters
excluding punctuation, and d by calculating the total length of the MP3. As d may include

some silence before and after the speech starts and ends, we also report analyses using related

5This was not always the case in the original dataset due to minor spelling differences. Cutting sentences
with one word drops 19,205 entries, leaving us with 239,576 entries for 6,114 individuals reading 64,157
unique sentences, with 2,407 of them assigned at least once to Mainland Chinese and Taiwanese speakers.
One last cleaning reveals that some “unique” sentences only differ to others because of a space before or
after the sentence, a comma, or a slightly different translation from simplified and traditional Mandarin to
English. Examples include “I am good” vs "am good” ; “The two parties are not in a good mood” vs "The
two sides are not in a good mood” (emphasis added). After taking this into account we end up with 61,468
unique sentences, with 2,398 shared across the Mainland Chinese and Taiwanese “sentence collectors” .


http://www.fon.hum.uva.nl/praat/

metrics such as time until the recording passes a certain threshold of volume or pitch (note
that identifying precisely when speech begins and ends is not straightforward, as background
noise can be difficult to distinguish from speech; see appendix B.1 for details). This allows us
to explore whether differences in tempo may partly reflect differences in recording behavior,
where silences are shorter because people begin speaking sooner after starting the recording
or stop the recording more quickly after finishing certain sentences.

An individual with higher cognitive abilities or stronger respiratory muscles is, all else
equal, able to read at a faster tempo. A similar point holds for sentences: for a given number
of characters, a more complex sentence may take slightly longer to cognitively process, espe-
cially if including subordinate clauses, resulting in slower tempo. However, once we control
for individual and sentence-level characteristics, tempo is an important marker of agency:
speakers change their tempo to a greater degree than other acoustic metrics in response to
emotional cues (Anolli et al. , Brenner, Branscomb, and Schwartz , Chnag, Young,
and Yuen , Dietrich and Abbott ).

Figure 1 shows the distribution across countries and genders. While men and women in
our data talk at similar speeds, speakers from mainland China tend talk faster overall. This

will be important when constructing our empirical strategy.

Volume

“Volume" captures the average strength of the speech signal within a sentence. It reflects
the magnitude of pressure variations in the sound wave and is measured using the root mean

square (RMS) amplitude of the wave.

Because sound intensities vary over a very large
range, volume is measured in decibels (dB) which compresses this range using logarithms.

Specifically, in any analysis window, we compute:

(2)

M li
Volume = 20 x log,, ( RMS amplitude > .

reference amplitude

A whisper is around 30 dB, normal conversation around 60 dB, and shouting can reach
90 dB. Using default parameters, each analysis window is 6 milliseconds long. We exclude
unvoiced parts from the calculation to avoid biasing the number down when the share of
unvoiced part grows, and use standard ceilings to distinguish voice from noise, considering

alternative settings in appendix (B.2). Sentence recordings in our data have an average of 60

6Specifically, let p(t) be the sound pressure (in Pascals) at time ¢, measured as the deviation from ambient
atmospheric pressure. Since p(t) oscillates above and below zero—positive during compression and negative
during rarefaction—its time average is approximately zero and cannot serve as a measure of magnitude. The

RMS amplitude is then defined as \/ + fOTp(t)2 dt where T is the duration of the signal.



Figure 1: SPEECH AcousTICS BY COUNTRY AND GENDER
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dB, displaying low variance as a result of the logarithmic transformation (see Appendix A).
As Figure 1 illustrates, Taiwanese participants in our data talk slightly louder, as do men.
Volume is thought to be less affected by individual than by sentence-level characteristics.
A particular combination of e.g. vocal fold thickness and head shape can make people sound
louder, but sentence-level characteristics may play a greater role. At the micro level, this is
because the extent to which we articulate phonemes by opening and closing the mouth and
using nasal resonance has a large impact on the air pressure we release. At the macro level,
this is because reading specific sentences clearly may or may not require stressing parts of

the sentence by raising the volume.”

"Different languages affect how much the micro or macro levels induce volume levels. In Mandarin,
sentences containing open vowel sounds such as /a/ in & ( “dad” ) tend to have a higher RMS amplitude
than closed vowel sounds such as /i/ in ¥R ( “you” ). The same applies to unaspirated stops such as /p/,
/t/, and /k/, which exhibit lower intensity relative to aspirated stops as well as sonorants like /m/, /n/, and
/1/. In English, sentences entailing open vowel sounds such as /a/ in “cat” lead to higher RMS amplitude

than closed vowel sounds such as /i/ in “knee” . Hence, two sentences with similar contents, emotional
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Pitch

Pitch is the frequency of vocal fold vibrations producing sound waves in the surrounding air
and determining how “low” or “high” a person sounds when voicing. Denoting by T the

time elapsed between two successive peaks of a sound wave, we have

1
Pitch = —.
itch = - (3)

Thus, faster vibrations produce a higher pitch. These vibrations are measured in Hertz (Hz).
A "fundamental frequency” of 100 Hz captures 100 complete vocal folds vibrations per second.
In our sample, men’s average pitch is 133 Hz (SD=28.5), corresponding to 43 = C'43, while
women’s is 9 semitones more acute, averaging 225 Hz (SD: 30.8), see Figure 1. This is
inline with extant research (e.g., Chen, Huang, and Wu ). This number of vibrations
is associated by our brain with a pitch. Pitch is measured using Praat’ s “fundamental
frequency” (f0) algorithm. For each sentence, Praat estimates f0 at 10-millisecond intervals,
producing a time series of pitch values. Each estimate is based on an analysis window of 60
milliseconds centered on the time step. We filter implausibly low and high f0 values using
40 and 400Hz as lower and upper bounds.®

Pitch is strongly affected by individual-level biological and sociodemographic character-
istics. The minimum and maximum number of complete vocal folds vibrations per second
one can choose to produce—one’s “vocal range” —mostly depends on the size and tension
of one’s vocal folds, itself correlated with one’s body type and strongly affected by one’s
gender and, to a lesser extent, age (Graddol and Swann ). The range subset people feel
naturally comfortable with in expressing their intonation is considerably smaller. Sentence
characteristics, including words and syntactic sentence characteristics, influence pitch. The
extent to which pitch must preserve the lexical meaning of single words or the syntactic
function of entire sentences depends on the language. In Mandarin, a tonal language, words
are composed of meaningful monosyllables characterized by one out of five available tones.
Hence, speaker pitch in Mandarin is highly constrained to preserve lexical meaning. In En-
glish, a non-tonal language, speakers are freer to alter their intonation to stress a particular

word or convey the nature of a sentence (e.g., declarative vs interrogative).’

underpinning, and intonation can display different volume.

8Praat’s default settings used e.g. in Dietrich, Hayes, and O' brien ( ) range from 75Hz (floor for
men) to 500 (ceiling for women). These seem appropriate for spontaneous speech and especially public
speech which naturally shows much greater pitch variability, but for quiet reading they seem too high—men
reading can sometimes use vocal fry, which they would not in a public speech, delving well below 75Hz,
while a pitch of 500Hz is unusually high for a woman reading a sentence. That said, we later relax these
assumptions in our robustness checks

9For instance, the distinction between a declarative and an interrogative sentence is primarily marked by

11



3.3 Coding political sentences

We use GPT, validated by human native speakers, to code sentences as either related to
politics (Political = 1) or unrelated to politics (Political = 0). In the appendix we also
use continuous measures. For our baseline analysis we employ the following procedure. We
use GPT 4-o0, and set the temperature to 0 to ensure conservative, deterministic and hence
replicable coding. The prompt is designed to be very broad, so as to capture any sentence

related to politics and not just sensitive topics:

“Label each sentence as 1 if it is related to politics and 0 if it is unrelated. A sentence
is related to politics if it refers to political institutions (for example parties, the gov-
ernment, politicians, the police, judicial court, and so on), political events (historical
or current), political debates (on domestic or foreign policy, on economic, social, or
cultural issues) and political beliefs (including ideology, public opinion, ethical view-
points)” .

All coding is performed on the original text in Mandarin. Figure 2 shows a series of word
clouds to visualize the words that appear in sentences coded as political versus non political,
translated to English and using the entire dataset (use the playback buttons to move between
word clouds). In appendix B.3, we report results using alternative (more or less specific)
prompts. We also report results using an alternative GPT model and alternative levels of
determinism in coding a sentence as political. Appendix Table B.3 shows the complete list
of political sentences (according to the different coding schemes) in the subset of sentences
used in our main specifications, i.e. those sentences assigned in both countries.

To validate the accuracy of our baseline coding, two native Mandarin speaking research
assistants coded manually and independently a 10% sample of the sentences, that includes
25% political sentences. Accuracy rates (the fraction of correctly classified observations) is
respectively 93.53 % and 87.23% for the two RAs. Recall rates (share of actual positives
recovered) are 69.25% and 83.80%. In the overall sample, political sentences are 10.04% of
the total. See Appendix A.1 for details.

3.4 Addressing imbalances in sentence characteristics

As mentioned above, a major challenge in using speech to characterize attitudes norms and
behavioral tendencies, is that many sentence characteristics may directly affect acoustic
metrics, regardless of the lexical contents of the sentence. For example, some sentences may

be more difficult to read, naturally reducing tempo. If the political sentences in our sample

swapping verb position and varying intonation in English, while it is marked by adding a question particle
at the end of the sentence in Mandarin, with a much less marked increase in pitch.

12



Figure 2: POLITICAL (LEFT,RED) AND NON-POLITICAL (RIGHT,BLUE) SENTENCES
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Note:Word clouds generated using the wordcloud package in R based on English translations of sentences in

our dataset. Word size reflects frequency of occurrence, with larger words appearing more frequently in the
respective subset. The left panel displays words from political sentences, while the right panel shows words
from non-political sentences. Text preprocessing included conversion to lowercase, removal of punctuation,

numbers, and common English stop words. Each cloud displays the 100 most frequent terms.

happen to be simpler than the non-political sentences, the former may display higher tempo
even in the absence of a political treatment effect. Similarly, preserving the meaning of a
sentence may place requirements on the intonation (especially in tonal languages), affecting
pitch.

Figure 3 demonstrates this point empirically using the full sample of sentences in our
data. For each country and sentence type—political (T=1) versus non-political (T=0)—we
compute the sample average across unique sentences of a range of metrics computable from
the written sentences alone. These include word and character counts, readability scores, and
the share of the different Mandarin tones. As it turns out, Taiwanese speakers are assigned
shorter and simpler sentences, on average. This may be because, as already mentioned,
the sentence collector is country-specific. Furthermore, in both countries political sentences
in our data tend to be somewhat longer and more semantically complex, e.g. longer by
approximately one and a half words (average is 6.9) or four characters (average is 12.7). The
imbalance in the prevalence of specific Mandarin tones is modest in magnitude both across

countries and sentence type. (appendix B runs a balance test, reporting magnitudes and
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coefficients).

Figure 3: SENTENCE CHARACTERISTICS BY CONTENTS AND COUNTRY

Word count N. characters Readability Entropy
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Notes. "Word count’ is simply the number of words in the original Mandarin sentence. 'Number of characters’
is also self-explanatory. 'Readability’ is proxied by the Flesch Reading Ease (FRE) index, a length-based

metric combining average sentence length and average syllables per word: FRE = 206.835 —1.015 Se‘r’lvfgl‘f:es

84.6 s{i{)‘ﬂss. Here, “words” and “sentences” are computed via our segmenter; syllables are obtained by
standard syllabification for the language. FRE ranges from 35.5 (hard) to 121.2 (easy). To interpret it
as a complexity measure aligned with entropy (higher = more complex), we use the monotone transform
Crrg = 100 — FRE when needed. "Entropy’ is another metric for sentence complexity based on the within—

sentence token distribution. For a sentence s with token types {t1,...,tx}, counts ng, total N = Zszl g,

and empirical probabilities pr, = ny/N, the entropy is H(s) = — Zle i log pi, with log base 2. We report
the normalized entropy to make values comparable across sentences of differing vocabulary size, H*(s) =
fog 7
greater complexity. Tokens are computed at the sentence level using our tokenizer (characters or words, as
appropriate). As one can imagine, these first four metrics of sentence complexity are extremely correlated.
Within the sample of common sentences between China and Taiwan, for example, the weakest correlation is
that between number of characters and words and still is .86. For each sentence s, we segment the text into
Mandarin syllables and assign each syllable a lexical tone ¢t € {1,2,3,4} (high level, rising, dipping, falling)
from the transcription (Pinyin with diacritics or numeric tags). Let n; be the count of syllables with tone ¢,
and let N = 2?21 n; be the total number of tone—bearing syllables with tones 1-4. The share for tone ¢ is
share;(s) = ny/N. Neutral-tone syllables, punctuation and non-Chinese tokens (which are very sporadically
included) are excluded from N (a separate neutral-tone share can be reported if needed).

€ [0, 1]. Higher values indicate a more uniform token distribution and greater lexical dispersion—hence

Of course, the specific imbalances documented in Figure 3 can be controlled for in the
analysis. However, other sentence characteristics may also be imbalanced, and fully control-
ling for all of them is not feasible. Yet such disparities could affect tempo, volume, or pitch.
Two sentences with approximately the same length and topic classification may nonetheless
have different speech acoustics not due to the speaker’s agency and emotions, but because
different words and syntax imply different tones.

To address this challenge, we exploit the fact that 2,398 unique sentences (out of 61,468
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sentences in our data) were assigned to both Mainland Chinese and Taiwanese speakers. A
sentence in this subset of identically-spelled sentences—in simplified or traditional characters—
is assigned on average approximately 15 times to 2,292 individuals (of which, 1,538 in China).
This yields a total of 33,919 MP3s that can be analyzed after controlling for both individual
and sentence fixed effects to achieve the highest internal validity.

Within this subset, 30-50 sentences are classified as “political” by GPT, depending on
GPT’s temperature, prompt, or model.!? See Appendix Table B.3 for the complete list.
The vast majority of these sentences concern ordinary political topics, whether ‘political’
is defined broadly or narrowly. They seldom touch on sensitive issues. Instead, they focus
on routine political content. Moreover, they often lack any context, and as a result can
hardly be interpreted asymmetrically by Mainland Chinese and Taiwanese speakers (though
we allow for this possibility). In additional analysis, we further sub-group political sentences
according to what they express (opinion or fact), the level of the policy domain they refer to
(foreign or domestic), and the tone (negative or neutral). We also perform a robustness check
using a continuous variable to capture the political content of sentences, ranging between
0 and 1 and rising with the political sensitivity of the question (B.2). See appendix A for
a full list of sentences and how they are coded in our main approach, according to some

alternative prompts, and in manual labelling.

4 Empirical Strategy

Our empirical strategy seeks to identify the acoustic effects of political institutions on polit-
ical speech. Specifically, consider the following equation, estimated for individual 7 reading

sentence s:

Yis = Bo + Pr1Politicals + BoChina; + B3 Politicaly X China; + p; + s + €ics (4)

where y;5 is an acoustic metric (tempo, volume, or pitch); Politicals is an indicator for a
political sentence; and China; is an indicator for whether respondent ¢ is from Mainland
China (China; = 1) or Taiwan (China; = 0). The full specification also includes individual
and sentence fixed effects (p;,7s) discussed later. €. is an error term clustered at the sentence
level.

Equation 4 allows for two types of acoustic differences that do not necessarily indicate an

institutional acoustic effect. First, as noted above, it is possible that the political sentences in

10Political classification is consistent across Simplified and Traditional Chinese scripts for all but three
sentences, which received different classifications depending on the script. We classify a sentence as "political"
(treatment) only if it is coded as political in both scripts.

15



our sample have different (observed or unobserved) characteristics compared to non-political
sentences, and that these differences affect how the sentences are spoken regardless of their
political contents. Thus, #; may be nonzero even in the absence of an institutional acoustic
effect. Second, it is possible that Chinese speakers from the mainland speak faster or louder
than those from Taiwan for reasons unrelated to the different institutions. In this case, [,
will be nonzero even in the absence of institutional acoustic effects. Our main interest is in
s, which captures the differential effect of political contents in China versus Taiwan.!!

While this baseline difference-in-differences specification allows for systematic cross-country
differences, one might still be concerned that unobserved individual heterogeneity biases (3.
Speakers differ in baseline voice characteristics—such as natural speaking rate, vocal inten-
sity, or articulatory habits—that may correlate with both country of origin and the share
of political sentences they happen to record. To address this, the full specification also
includes individual fixed effects p;. This captures any biological, socioeconomic, or other
characteristics that affect person i’s voice and manner of speaking.

More importantly, systematic differences in sentence characteristics can confound the
comparison between political and non-political sentences. As documented above (Figure
3), political sentences in our data tend to be longer and more complex, and Taiwanese
speakers are assigned shorter sentences on average. Such characteristics can directly affect
acoustics—for example, longer sentences may mechanically reduce tempo, and specific tone
sequences constrain pitch contours. Without sentence-level controls, 83 could reflect such
compositional differences rather than an institutional effect. To address this possibility, we
include sentence fixed effects v,. These capture any sentence-specific characteristics that can
affect the way a sentence is spoken, from the tonal requirements of a given syllable to the
complexity of the sentence, and from the lexical meaning of single words to the syntactic
function of the whole sentence.

Our identification rests on a parallel response assumption: absent institutional differ-
ences, Mainland Chinese and Taiwanese speakers would display similar acoustic responses to
political versus non-political sentences. Note that Differential self-selection into the corpus
likely works against finding an effect: individuals who volunteer to record their voice on a
public platform in authoritarian China are plausibly less sensitive to political content than
the general population, biasing our estimates toward zero. Finally, Appendix Table B.9

shows that observable speaker characteristics (including age, gender, and the total number

UThis coefficient captures a difference-in-differences (conditional on included controls). To see this note
that:

E(y|Political Sentence, China, controls) — E(y|Non-political Sentence, China, controls) = 1 + s

E(y|Political Sentence, Taiwan, controls) — E(y|Non-political Sentence, Taiwan, controls) = (.
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of sentences recorded) do not predict the assignment of political sentences in either country,

consistent with effectively random sentence assignment.

5 Results

Table 1 reports our main findings. For each acoustic outcome — tempo (Panel A), volume
(Panel B), and pitch (Panel C) — we present three specifications: a baseline OLS difference-
in-differences, a model adding individual fixed effects, and our preferred specification with
both individual and sentence fixed effects. Results are shown separately for men and women.
Throughout, we refer to speakers who identify as men or as having a masculine voice as “men,"
and analogously for “women.” In the preferred specification, individual fixed effects absorb
China; and sentence fixed effects absorb Political,, so the DiD coefficient (3 is identified

from variation that is within-individual and within-sentence.

Tempo. Panel A reports estimates with tempo (characters per second) as the dependent
variable. In the Basic DiD for men (column 1), political sentences carry only a marginally
higher baseline tempo than non-political ones (Bl = 0.031, SE = 0.018). Interestingly,
however, Mainland Chinese speakers are substantially faster than Taiwanese at baseline
(Bz = 0.281, SE = 0.007). The DiD coefficient is positive and significant at p < .01 (Bg =
0.246, SE = 0.025): Chinese men speed up on political content relative to Taiwanese men,
compounding an already elevated speaking pace. Adding individual fixed effects in column
(2) absorbs the China coefficient and reduces the DiD estimate by roughly one-third to
0.167 (SE = 0.022), still significant at p < .01. Individual fixed effects control for any
time-invariant speaker characteristics — biological, socioeconomic, or related to recording
equipment — that may correlate with both country of origin and acoustic delivery. The
coefficient’s decline suggests that part of the baseline DiD reflects compositional differences
across speakers rather than a within-person response to political content.

The preferred “All FEs" specification in column (3) adds sentence fixed effects, restrict-
ing identification to sentences read by speakers in both countries. This is critical because,
as documented in Section 3, political sentences tend to be longer and more complex, and
such characteristics can directly affect tempo independently of content. The effective sample
drops to 14,967 observations (770 individuals, 2,392 sentences) after dropping singletons —
individuals or sentences that appear only once and contribute no within-group variation.
Speaking about politics increases tempo among Chinese men by 0.201 characters per second
(SE = 0.072, p < .01), approximately 7.3% of mean tempo and roughly 0.2 standard devia-

tions. This corresponds to a reduction in recording duration of about 0.2 seconds, confirmed
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Table 1: SPEAKING FAST AND LOW

Men/Masculine voice Women/Feminine voice

(1) (2) (3) (4) (5) (6)
Basic DiD Individual FE All FEs Basic DiD Individual FE All FEs

Panel A. Tempo (c/s)

Political x China  .246*** 1677 2017 296" 1567 -.065
(.025) (.022) (.072) (.031) (.026) (.075)
Political .031* 085%** -.040* 1017
(.018) (.016) (.024) (.019)
China 281%* 238%**
(.007) (.009)
Mean dep. var. 2.762 2.762 2.756 2.811 2.811 2.746
N. obs 96,919 96,567 14,967 141,985 141,732 18,125
N. sentence 51,276 51,079 2,392 32,583 32,483 2,327
N. id 3,772 3,420 770 2,337 2,084 721

Panel B. Volume (dB)

Political x China 081 ~.014 22.270% 578 _.245% -.360
(.149) (.090) (.892) (.135) (.085) (.435)
Political ~.803%** _.641% 112 - 348"
(.122) (.074) (.121) (.075)
China 1707+ ~.805%**
(.042) (.036)
Mean dep. var. 60.560 60.560 61.737 59.584 59.584 60.473
N. obs 96,919 96,567 14,967 141,985 141,732 18,125
N. sentence 51,276 51,079 2,302 32,583 32,483 2,327
N. id 3,772 3,420 770 2,337 2,084 721

Panel C. Pitch (Hz)

Political x China  2.742*** .b84 4.733** 5.671%** 2.880"** 4.599

(.679) (.431) (2.280) (.991) (.666) (5.052)
Political -2.503*** -.594 -6.710*** -3.586"**

(.582) (.377) (.942) (.633)
China -6.578*** b4

(.196) (:277)
Mean dep. var. 133.187 133.187 136.550 225.172 225.172 230.361
N. obs 96,919 96,567 14,967 141,985 141,732 18,125
N. sentence 51,276 51,079 2,392 32,683 32,483 2,327
N. id 3,772 3,420 770 2,337 2,084 721
Individual FE no yes yes no yes yes
Sentence FE no no yes no no yes

Notes. Columns (1) and (4) present basic difference-in-differences specifications with controls for “Political” and “China”
indicators. Columns (2) and (5) add individual fixed effects, absorbing time-invariant speaker characteristics—including
whether speakers recorded as Mainland Chinese or Taiwanese, thus making “China” collinear. Columns (3) and (6)
include both individual and sentence fixed effects, restricting the sample to sentences read by both Mainland Chinese
and Taiwanese speakers. Stata’s reghdfe command automatically drops singleton observations, which explains the
reduction in observations and unique individuals/sentences in columns (3) and (6). Standard errors clustered at the
sentence level in parentheses. * p < 0.10, ** p < 0.05, *** f8< 0.01.



when using MP3 length as the dependent variable.

For women (columns 4-6), the Basic DiD and Individual FE specifications produce es-
timates qualitatively similar to those for men. However, once sentence fixed effects are
introduced in column (6), the DiD coefficient collapses to —0.065 (SE = 0.075) and loses
statistical significance. Given that men are at higher risk of political repression, this gender
contrast — a strong effect for men, a null for women — provides the first indication that

our results may reflect a response to the fear of repression.

Volume. Panel B examines volume, measured in decibels. The pattern across specifica-
tions differs markedly from tempo and provides the clearest illustration of why sentence fixed
effects matter. In the Basic DiD (column 1), political sentences are generally spoken more
quietly (Bl = —0.803, SE = 0.122), and Mainland Chinese speakers are already substan-
tially quieter at baseline (BQ = —1.707, SE = 0.042). Crucially, the DiD coefficient for men
is small and statistically insignificant (0.081, SE = 0.149), while for women it is negative
and significant (—0.578, SE = 0.135). Without further controls, one would conclude that
Chinese women — not men — lower their volume on political content. This pattern survives
the introduction of individual fixed effects in columns (2) and (5).

The preferred specification overturns this picture. Once sentence fixed effects absorb the
systematic differences in content between political and non-political sentences — including
phoneme composition, sentence length, and tonal structure, all of which directly affect mea-
sured volume — the coefficient for women shrinks to —0.360 (SE = 0.435) and loses statistical
significance, while the coefficient for men becomes large, negative, and significant (—2.270,
SE = 0.892, p < .05). This illustrates how sentence composition can generate misleading
results: without comparing like-for-like content, the naive estimates point in the wrong direc-
tion for both genders. The column (3) estimate implies that Chinese men lower their volume
by 2.3 dB when reading political sentences, approximately 3.7% of mean volume. Because
decibels are logarithmic and volume has low cross-individual dispersion, this corresponds to

roughly 0.4 standard deviations — a larger standardized effect than for tempo.

Pitch. Panel C reports estimates for pitch, measured in Hertz. In the Basic DiD (column
1), political sentences are associated with lower pitch for both genders, and Chinese men
have substantially lower baseline pitch than Taiwanese men (Bg = —6.578, SE = 0.196). The
DiD coefficient is positive and significant (2.742, SE = 0.679), but adding individual fixed
effects in column (2) reduces it to 0.584 and it loses statistical significance. In the preferred
specification (column 3), political content raises pitch among Chinese men by 4.7 Hz (SE

= 2.280, p < .05), roughly 3.5% of mean pitch or 0.15 standard deviations — corresponding
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Table 2: UK AND US ENGLISH SPEAKERS

Men Women
Tempo (¢/s) Volume (dB) Pitch (Hz) Tempo (¢/s) Volume (dB) Pitch (Hz)

Political x US -.041 101 679 .036 -.063 .163

(.049) (.115) (.638) (.125) (.251) (1.872)
Mean dep. var. 9.322 58.283 125.168 9.121 56.402 201.721
F-stat .687 773 1.133 .082 .063 .008
N. obs 151,262 151,262 151,187 35,123 35,123 35,114
N. sentence 16,231 16,231 16,231 8,377 8,377 8,377
N.id 3,608 3,608 3,608 914 914 913
Sentence FE yes yes yes yes yes yes
Individual FE yes yes yes yes yes yes

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. The specification is the same as the preferred
“All FEs” specification in Table 1. The treatment indicator is constructed by replacing ‘Chinese and Taiwanese politics’
with ‘British and American politics’ in the prompt. Since the English-language dataset is much larger, we do not use gender
imputation for missing data.

to slightly less than a semitone, moving the pitch from 53 = C'3 to 42 = D3. However, as we
show in the robustness analysis (Section B), this result is not significant in most alternative
specifications. We therefore do not emphasize it. While pitch is commonly associated with
emotional arousal and stress in non-tonal languages (Section 2), in tonal languages such as
Mandarin pitch contours carry lexical meaning, leaving speakers less freedom to vary pitch
for emotional expression. Mandarin speakers may instead channel stress through tempo and
volume.

The combined pattern — faster and quieter political speech among men, with no compa-
rable effect among women — is consistent with a gendered response to the fear of repression.
By including both individual and sentence fixed effects, the preferred specification absorbs
all systematic variation linked to speaker- and text-level characteristics. The estimated
differences therefore cannot be attributed to speakers’ voice or recording equipment, nor
to imbalance in sentence content, syntax, or tonal structure. Two additional tests further
support this interpretation.

First, if speaking fast and low about politics reflects internalized institutional practices
rather than linguistic drift, we should not observe the pattern when comparing two countries
that share a language and similar levels of press freedom. We test this by replicating our
analysis for US and UK English speakers, two countries scoring 83/100 and 91/100, respec-
tively, on the 2024 Freedom House index. Table 2 reports the results. All Political x US
coefficients are small and statistically insignificant, for both genders and all three outcomes.

Second, we implement a randomization (permutation) test. We randomly assign the
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“political” label to 30 sentences in each of 1,000 replications (thus holding the share of
treated sentences fixed) and re-estimate the preferred specification for each acoustic outcome
each time. This addresses the concern that some unobserved sentence characteristic, rather
than political content per se, might drive our results. However, beyond checking whether
our specific political label matters, this effectively tests whether any arbitrary grouping of
sentences of the same size could generate a comparable DiD estimate. Figure 4 plots the
resulting distribution of DiD coefficients alongside our actual estimate. For tempo, only
1.2% of permuted estimates exceed the actual coefficient. For volume, 99.8% of estimates
are larger (i.e., less negative). These results indicate that our effects are unlikely to arise from
any arbitrary partition of sentences. In contrast, for pitch, 11.5% of randomized estimates

exceed ours, suggesting that the pitch result is not reliably distinguishable from chance.

5.1 Robustness

We now summarize the robustness of our findings to alternative definitions of the dependent
variables, of the treatment, and to alternative specifications. Full results are reported in the
appendix.

Dependent variables. Appendix B.1 re-estimates equation 4 using alternative mea-
sures of tempo, volume, and pitch. These include the log and standardized values of each
dependent variable (used to inform the effect sizes reported in Section 5), the median rather
than the mean of the within-clip pitch and volume, and tighter frequency and decibel bounds
for recording valid pitch and volume entries. Across all alternatives, the DiD estimates for
tempo and volume remain significant at least at the p < .05 level. By contrast, the DiD
estimates for pitch are statistically insignificant in many specifications.

Treatment. Appendix B.2 tests whether our results depend on how sentences are
classified as political. We consider two alternative GPT prompts (one that omits examples,
another that leaves the definition of “politics”to the model), as well as a continuous treatment
that assigns higher scores to sentences more directly relevant to contemporary Chinese or
Taiwanese politics. We also raise the labeling temperature from 0 to 1, re-label all sentences
using GPT 40 mini instead of 4-o0, and allow the treatment indicator to differ across countries.
Across all alternatives, the DiD estimate for tempo remains significant at least at the p < .05
level, and the estimate for volume at least at the p < .10 level. The DiD estimates for pitch
are mostly statistically insignificant.

Specifications. Appendix B.3 tests robustness to alternative sampling restrictions (re-
taining only individuals assigned at least one political sentence, or only those reporting a

Mainland Chinese or Taiwanese accent), clustering of standard errors (by individual, or by
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Figure 4: RANDOMIZATION TEST
Permutation test: tempo
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Notes. We implement a randomization (permutation) test for the coefficient on Political x China. First, we estimate the model
Y ~ Political : China with two-way fixed effects (by id and sentence). Next, for 1,000 replications we randomly select exactly
30 sentences, set Political,andom = 1 for those and 0 otherwise, re-estimate the same specification replacing the actual with the
random political treatment, and store the point estimate and its 95% cluster-robust CI. The figure orders the permuted estimates
(points with vertical CIs) and overlays the actual estimate and CI in violet; the dashed line marks zero. The percentage printed
in the lower-right reports the share of permuted estimates > the actual estimate (a one-sided randomization p-value). The
procedure is repeated separately for each outcome (tempo, volume, pitch); main effects are omitted because they are absorbed
by the fixed effects.
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both individual and sentence), and controlling for the order of the sentence assigned to each
speaker. The DiD estimates for tempo and volume remain significant at least at the p < .05
level across all alternatives. In this set of checks, the DiD estimates for pitch are also mostly
significant, though we do not emphasize this result given its instability across the other
robustness dimensions.

In sum, the finding that Chinese men speak faster and more quietly when reading political
sentences is robust across all alternative dependent variables, treatment definitions, and

specifications we consider. The estimated effect on pitch is not robust.

6 Mechanisms

6.1 Fear of repression

The most plausible interpretation of our findings is that they capture mild fear or stress
triggered by political content. Several lines of evidence support this reading.

First, the acoustic pattern matches what phonetics research predicts for fear in Mandarin.
Studies of emotional expression in Mandarin consistently link mild fear and stress to faster
tempo and lower volume (Wang, Lee, and Ma , Chnag, Young, and Yuen , Anolli
et al. , Li and Huang ). In a cross-cultural comparison of Mandarin and English
speakers, Wang, Lee, and Ma ( ) find that fear is associated with the fastest speech
rate among all emotions tested, along with reduced volume. Because pitch carries lexical
meaning in a tonal language such as Mandarin, it cannot be freely recruited for emotional
expression (Wang, Lee, and Ma ), which explains why we observe robust effects on tempo
and volume but not pitch. A meta-analysis of stress and vocal production (Giddens et al.

) confirms that stress generally increases tempo, though its effect on volume depends
on arousal level: high arousal raises vocal intensity, whereas mild stress reduces it. Our
findings—faster tempo combined with lower volume—are thus consistent with low-arousal
stress rather than panic. We confirm this directly: we find no significant changes in jitter or
shimmer, voice quality markers typically associated with high-arousal distress (see Appendix
B).

Second, the gendered pattern in our acoustic results mirrors the gendered pattern of
political repression in China. Speaking fast and low is concentrated among men (Table 1).
Political repression in China has been predominantly male-targeted. During the Cultural
Revolution (1966--71), approximately 70% of those killed were men. In the contemporary
period, men constitute the large majority of political prisoners (Global Voices ). If the

acoustic effect reflected a mechanism unrelated to repression—for example, general cultural
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norms about avoiding political discussion—we would expect the effect among both genders.
The fact that the gender asymmetry in acoustics tracks the gender asymmetry in repression
is consistent with fear of repression as the underlying mechanism.

The placebo results are also consistent with this interpretation. Comparing British and
American English speakers—who share a language but face no comparable institutional
variation in political freedom—yields null results across all outcomes and for both genders
(Table 2).

Together, these findings point to fear of political repression as the likely mechanism
underlying speaking fast and low. The remaining question is what kind of fear drives the
effect: a deliberate response to current surveillance, or an internalized legacy of historical

repression?

6.2 Current caution or internalized legacy?

Two distinct mechanisms could generate fear-driven acoustic patterns, and they yield dif-
ferent empirical predictions. The first can be referred to as caution given current threats.
That is, speakers rationally adapt their vocal behavior to the present risk of persecution.
This predicts that the effect should be strongest in provinces where the state currently im-
prisons the most political dissidents, and among younger cohorts, who are over-represented
among contemporary political prisoners (Global Voices ). A second possibility, how-
ever is an internalized legacy mechanism. According to this account, vocal habits were
shaped by historical repression and transmitted culturally through family socialization, in-
stitutional memory, and local norms. Because the effect we find appears even for routine,
factual political sentences recorded in a private setting, it is arguably too pervasive to reflect
only deliberate caution. The legacy account predicts that the effect should be strongest in
provinces where the state killed the most during the Cultural Revolution, and among older
cohorts who carry that legacy more directly. It may also be weaker in provinces that were
economically liberalized early.

These mechanisms are not mutually exclusive. Exercising caution when talking about
politics is a plausible response to current repression, regardless of internalized norms. How-

ever, our data allows us to explore which of these mechanisms better explains our results.

Geographic heterogeneity. To distinguish between these channels, we exploit the fact
that the geographic pattern of repression differs across the two periods. Panel (A) of Figure
5 shows provincial variation in political killings per 1,000 population in 196671, during the
Cultural Revolution, based on archival data compiled by Walder ( ) and made public

by Wang ( ). This period saw mass factional violence, purges, and locally organized
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Figure 5: POLITICAL REPRESSION, HISTORICALLY AND NOW

(A) High repression 1966-71 (B) High repression 2006-18

Political killings per 1k population Political prisoners per 1k population

campaigns in which ordinary citizens participated in identifying, denouncing, and often exe-
cuting alleged political enemies. The repression was both ideologically driven and intensely
localized, resulting in sharp variation across provinces. Panel (B) shows provincial variation
in political prisoners per 1,000 population between 2006 and 2018, based on the China Po-
litical Prisoner Dataset compiled by the US Congressional-Executive Commission on China,
as employed by Xu (2021).12 Provincial rates of historical and current repression are only
modestly correlated (p = .215, p < .01), providing scope to separate their effects.

To perform this analysis, we focus on the subsample of Mainland Chinese men who
reported an accent, from which we can infer their province of origin (see Appendix A.1).13
We then replicate the baseline DiD specification within Mainland China, comparing speakers
from provinces with above- versus below-median levels of historical or current repression.
Because we restrict to Mainland Chinese men who reported an accent, and to sentences
assigned in both high- and low-repression provinces, the sample shrinks to approximately
1,000 recordings.

The results in the first two columns of Table 3 favor the legacy account. Column 1
shows that men from provinces with historically higher repression speak at significantly
faster tempo when reading political rather than non-political sentences (coefficient: 0.203,
SE: 0.095), adding roughly 7% over the unconditional mean of 2.93. In contrast, current

repression does not predict speaking fast and low. The tempo coefficient is negative and

12The Congressional-Executive Commission on China’s Political Prisoner Database (CPPD) is widely
regarded as the most comprehensive public record of China’s political prisoners, documenting over 10,000
cases since the early 1980s. Nonetheless, the dataset is prone to systematic under-reporting biases: well-
known urban dissidents are more likely to appear than marginalized or less-connected individuals, and
many victims of repression are held in extrajudicial confinement and may escape inclusion in prison records
(Steinert 20241).

13Speakers typically report their province of birth when self-reporting their accent, so this coding entails
little measurement error. See Appendix A.2 for details. Of course people’s speaking practices might have
changed over time as a result of e.g. internal migration; still, those practices would have most likely been
shaped in the coded province, and speakers are on average young.
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insignificant (column 2). The point estimate on volume is negative for historical repression
and positive for contemporary repression, but both are very noisy and neither estimate is

statistically different from zero.

Table 3: THE GEOGRAPHY OF SPEAKING FAST AND LOW

High repression

High repression

Special zone

Close to Beijing

1966-71 2006-18

A: Tempo (Hz)

Political x Area .203** =177 -.159* -.288
(.095) (.122) (.091) (.196)

Output mean 2.928 2.845 2.808 2.887
F-stat 4.599 2.113 3.044 2.159
N. obs 985 985 1,020 1,007
N. sentence 488 488 505 499
N.id 99 99 103 102

B: Volume (dB)
Political x Area -.506 .b57 .861 .942

(.889) (.821) (.955) (1.203)

Output mean 59.878 60.983 60.204 60.595
F-stat .325 .461 812 .613
N. obs 985 985 1,020 1,007
N. sentence 488 488 505 499
N.id 99 99 103 102

COMMON MODELLING ASSUMPTIONS
Sentence FE yes yes yes yes
Individual FE yes yes yes yes

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. All geographic subsets
are based on respondents reporting their accent. In the second column, we use data from Andy Walder
(2014) on Cultural Revolution violence for the last colum. Provinces with higher than average number
of deaths per thousand in 1966-1971 are considered here. In the third column, we use data from Xu
(2021). ’Special economic zones’ include respondents that reported accents from SEZ provinces, which
were areas granted preferential policies—such as tax incentives and regulatory exemptions—to attract
foreign investment and promote export-oriented growth. In China, the SEZs established were Shenzhen,
Zhuhai, Shantou, and Xiamen in 1980, Hainan in 1988, and Pudong (Shanghai) in 1990. ’Close to Beijing’
means lower than effective sample median distance in km from Beijing. The third column "High repression
2006-2018" uses data from Xu (2020), originally released by the Congressional-Executive Commission on
China (CECC), established in 2000 by the U.S. Congress to monitor human rights and the rule of law in
the People’s Republic of China which releases the most detailed, publicly accessible records of detained
and imprisoned individuals in China.

Column 3 provides another angle on the possibility that historical legacies leave traces in
speech patterns. Speakers from Special Economic Zones—areas integrated into global mar-
kets since the 1980s and culturally closer to the West—display significantly slower tempo on
political sentences compared to other provinces (—0.159, SE: 0.091). This is consistent with

economic liberalization and sustained international contact reducing the salience of political
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threats. Distance from Beijing, which might be associated with current state monitoring

and political control, does not affect the results (column 4).

Cohort heterogeneity. If speaking fast and low reflects rational caution in response to
current surveillance, we would expect it to be most pronounced among younger cohorts, who
are disproportionately targeted today. In contrast, the internalized-legacy account suggests
the effect should be stronger among older adults. Table 4 replicates the analysis from Table
zzz, (for men, full specification) subsetting by age cohort. Columns 1-2 report the estimates
for all men who provided a valid age. The results replicate those for the full sample: tempo is
0.2 ¢/s faster, and volume is about 2.5 dB lower for men in China reading political sentences.
Columns 3—4 restrict the sample to young men (ages 15-30) and columns 5-6 to older men
(ages 30 and above). The effect of political content on both tempo and volume is driven by

the older men. For younger men the effects are smaller and statistically insignificant.'4

Table 4: SPEAKING FAST AND LOW ACROSS GENERATIONS

All men Young men (15-30) Adult men (30+)
Tempo (¢/s) Volume (dB) Tempo (¢/s) Volume (dB) Tempo (c/s) Volume (dB)
Political x China 207 -2.517** .036 -1.568 .318** -3.995%**
(.095) (1.013) (.087) (.954) (.137) (1.537)
Output mean 2.796 61.641 2.820 62.431 2.766 60.675
F-stat 4.736 6.170 174 2.699 5.369 6.752
N. obs 11,901 11,901 6,463 6,463 5,438 5,438
N. sentence 2,400 2,400 2,293 2,293 2,330 2,330
N. id 549 549 394 394 155 155
Sentence FE yes yes yes yes yes yes
Individual FE yes yes yes yes yes yes

Notes. Standard errors in parentheses. For the first part of the analysis (all men) we only use respondents that provided a valid age.
As such, the total sample in the first and second colums corresponds to the sum of the effective samples in columns (3) and (5) or (4)
and (6). To emphasize this equivalence, we exceptionally retain singletons, which reghfe by default drops. If we didn’t do that, then
the effective samples in columns (3) plus (5) or (4) plus (6) would not exactly match those in the first two columns, because a higher
number of simpletons is dropped when the sample is split. * p < 0.10, ** p < 0.05, *** p < 0.01.

Two important caveats. First, there are many reasons why different cohorts might vary
in their response to political prompts, besides their exposure to historical and current re-
pression. Second, our age comparison is limited. Only 4.5% of respondents with valid age
information are 40 or above, and only 5.5% are teenagers. We are thus mostly comparing
speakers in their twenties with speakers in their thirties. These results should be viewed as

suggestive and exploratory: theory-building rather than theory-testing.

14That said, the volume point estimate among younger men is negative, suggesting that even newer
generations may internalize the tendency to some degree.
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Sentence type Our central hypothesis is that Mainland Chinese speakers display some
distinctive speech acoustics when prompted to talk about politics. While our sentences cap-
ture mostly statements about ordinary, low stake political life (see appendix A for a full list),
we can explore whether heterogeneity within the political domain mediates our estimated
effects. Doing so reveals that speaking fast and low is more pronounced for sentences includ-
ing political opinions, rather than facts; sentences with a negative tone rather than neutral;

and sentences related to foreign policy. See Appendix B.2 for details.

Acoustic Legacy Hypothesis Three pieces of evidence—the gendered pattern mirror-
ing gendered repression, the role of historical rather than current repression, and the age
gradient—together support what we term the acoustic legacy hypothesis: vocal patterns re-
flect an internalized legacy of fear, embedded in speaking habits, and not just a rational
response to current surveillance. The concept of “habitus” (Bourdieu , Bourdieu )
captures this logic: individuals internalize dispositions from their family, schooling, and
broader social environment, and then deploy them unconsciously. In this sense, a history
of political repression can shape vocal behavior even absent an immediate threat of punish-
ment. Importantly, we are not arguing against rational caution as a mechanism. We are
saying that the evidence also points to an internalized component that cannot be reduced
to deliberate risk calculation alone.

There are both strengths and limitations to this analysis. On the one hand, we maintain
high internal validity by retaining sentence and individual fixed effects in all mechanism
analyses within China. Moreover, while the province is not the most granular level of analysis,
an ANOVA decomposition reveals that between-province variation in Cultural Revolution
death rates accounts for approximately 42% of total variation, nearly as large as within-
province variation across prefectures.!® On the other hand, the mechanism sample is much
smaller because many speakers do not report their accent (N ~ 1,000). Furthermore, because
China does not release official data on repression, both the historical and current repression
measures are imperfect proxies. While the sign and magnitude of the DiD estimates are stable
across alternative grouping criteria (median, mean, or quartile splits), statistical significance
varies with the cutoff used. We discuss and rule out several alternative explanations related

to gender differences in socialization, attrition, and biology in Appendix B.5.

15The between-province component (model sum of squares = 290.13) explains about 42% of the total
variation in the share of deaths per 1,000 by prefecture. The F-statistic of 6.44 (p < 0.001) confirms that
provincial means differ systematically.
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7 Conclusion

This paper shows that political regimes shape not only what citizens say but how they say
it. Using speech recordings collected for Al applications, we compare Mandarin speakers
from Mainland China and Taiwan in a difference-in-differences design with individual and
sentence fixed effects. When reading sentences with political content, Mainland Chinese men
speak faster and quieter, an acoustic signature of mild fear in Mandarin. Women show no
comparable effect. A placebo test using American and British English speakers yields null
results.

These findings speak to a central question in the study of authoritarianism: whether
regimes that lack competitive elections can compensate by consulting citizens about their
policy preferences (He and Warren , Truex ). A precondition for such consultation
is that citizens speak candidly. Our results suggest this condition may not hold. If even
mundane political statements trigger acoustic markers of discomfort in a private setting,
the scope for meaningful preference revelation in surveys, consultations, or everyday dis-
course is limited. The epistemic gap that authoritarian regimes face in learning about policy
needs (Kuran ) may be harder to close than the deliberative authoritarianism literature
assumes.

Our mechanism analysis points to an internalized legacy of repression rather than a ra-
tional response to current surveillance alone. The acoustic effect is concentrated among men,
mirroring the gendered pattern of political violence in China, and is stronger in provinces
with high casualties during the Cultural Revolution and among older cohorts, but not in
provinces more repressed today. We term this the acoustic legacy hypothesis: vocal patterns
around political speech reflect dispositions shaped by historical repression and transmitted
through family, schooling, and local norms, akin to Bourdieu’s (1977, 1990) concept of habi-
tus. This contributes to a growing literature on the joint evolution of culture and institutions
(Bisin and Verdier ; Bisin and Verdier ; Nunn : Giuliano and Nunn ) by
identifying a new, embodied channel through which the behavioral effects of repression may
persist long after the original episodes of violence have ended.

Finally, we demonstrate that speech corpora—collected at scale for unrelated technolog-
ical purposes—carry measurable traces of political institutions. As survey response rates
decline and survey-based measures face growing concerns about social desirability biases,
acoustic data offer a complementary window into social and political behavior, one that is
especially valuable where conventional data are scarce or unreliable. Future research could
extend this approach to post-authoritarian transitions, diasporic communities, or other set-

tings where political institutions may shape speech, including in democracies, where social
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desirability pressures around, e.g., politically sensitive topics could similarly leave acoustic

traces.
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A Data construction and Descriptive Statistics

A.1 Dataset collection and cleaning

We use data from the Mozilla Common Voice corpus (CVC). Launched in 2017, the project
aims to build the largest open-source, multilingual dataset of voice recordings for machine-
learning applications in speech technology (e.g., automatic speech recognition). We use the
latest available release as of November 2024 (CVC 19.0), downloaded under the CCO 1.0.
While the CVC is generally a language rather than country-based dataset, it includes sepa-
rate datasets for Mainland Chinese and Taiwanese speakers, the former relying on simplified
written Mandarin and the latter on Traditional Mandarin.

The CVC is crowdsourced: contributors (i) record sentences in voice clips, (ii) submit
additional sentences, and (iii) validate (i) and (ii). Most volunteers only record voice clips
and most sentences are scraped from mainstream internet sources, especially Wikipedia,
and added to the sentence collector according to a specific protocol discussed in a dedi-
cated github page here. Sentences from a particular collector can be assigned to both the
Mainland Chinese and Taiwanese speakers. After agreeing to donate their voice at common-
voice.mozilla.org, volunteers get random sentences on their screen and read them out aloud
(see e.g. A.1). Each of these voice clips is recorded as separate MP3. Each MP3 has an ID
that matches to the ID of each sentence/speaker couple. Speakers can stop recording voice
clips at any point in time. When they sign up to donate their voice, they are asked to report
their vocal gender (male-masculine, female-feminine, nonbinary or transgender voice), their
age (binned in intervals of ten years) as well as their accent (individuals can either click a
regional option or write a short summary of their vocal influences).

The CVC is structured around standard subsets (train, unvalidated, test, dev, other,
and validated). The validated subset consists of voice clips and sentences that have been
reviewed and confirmed by at least two additional volunteers beyond the speakeras accurate
transcriptions—meaning that the voice matches the sentences, avoiding people playing with
the dataset and recording something else. We rely on this large subset. After performing
some id, sentence and MP3 level data cleaning, we have an effective sample of 239,576 voice
clips for 6,114 individuals recording 64,157 sentences.

The raw dataset covers 186,502 and 83,118 voice clips recording respectively 50,676 and
17,204 sentences by respectively 5,582 and 1,732 Mainland Chinese and Taiwanese speakers.
First, we can calculate pitch, tempo and volume for respectively 99.98%, 99.99% and 100%
of MP3. For 537 entries, either pitch or volume is not recorded. For 83 entries, both volume
and pitch metric are missing. In those cases, the file is basically silent. It still has a tempo,

because it has a beginning and an end (i.e. the MP3 is not “corrupted” ). Utterances
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that could be ascribed a volume but not a pitch are typically covered in noise (listen e.g.
zh-CN__33489767) while in the opposite case the speaker is either whispering or recording
from too far (listen e.g zh-CN_32981377). We remove rows with missing volume and/or
pitch, typically of low quality, and our sample slightly decreases to 7,256 unique IDs and
269,083 utterances. Second, we identify and drop 53 IDs for a total of 10,302 entries that
appear in both the Mainland Chinese and Taiwanese corpora, since individuals could in
principle record their voice in multiple datasets, and a very small number of them did. This
could reflect e.g. the fact that the Chinese corpus was first published in 6/11/2019, while
the Taiwanese dataset began earlier in 2/25/2019, and hence some Mainland China speakers
wanting to donate their voice had nowhere to go for a few months, or simply wanting to
engage with multiple variations of written Mandarin. After this second cut, we have 7,203
unique individuals and 258,781 recorded MP3. Third we focus on sentences, not one word
utterances which, as we later show, are never “treatment sentences” . Cutting sentences with
one word drops 19,205 entries, leaving us with 239,576 entries for 6,114 individuals reading
64,157 unique sentences, with 2,407 of them assigned at least once to Mainland Chinese and
Taiwanese speakers. One last cleaning reveals that some “unique” sentences only differ
to others because of a space before or after the sentence, a comma, or a slightly different
translation from simplified and traditional Mandarin to English. Examples include "I am
good” vs "am good” ; “The two parties are not in a good mood” vs “The two sides are not
in a good mood” (emphasis added). After taking this into account we end up with 61,468
unique sentences, with 2,403 shared across the Mainland Chinese and Taiwanese “sentence
collectors” .

Table A.1 provides the descriptive statistics for each of the key dependent and indepen-
dent variables discussed in the paper and here below.

Table A.2 instead shows how we created geographic variables based on people self-

reported accent, which often names the place of birth.

A.2 TImputation

Pitch is highly gendered as figure A.2 shows. Our pitch descriptives are in line with extant
work showing with very moderate overlap and small cross-country and cross-age differences
in gender pitch (Yang et al. , Fouquet et al. , Lennes et al. , Lindh ).
That pitch is highly gendered allows us to confidently impute missing gender information.
The simplest criterion would impute as male every speaker whose average pitch across all
spoken sentences is lower than the average pitch of the lowest female pitch decile and as

female every speaker whose average pitch across all spoken sentences is higher than the
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average pitch of the highest male pitch decile—moving the ceiling would allow trading off
imputation coverage vs precision. A more sophisticated criterion builds on a version of the
Wav2Vec 2.0 deep learning model developed by Meta Al (Baevski et al. ), pre-trained
on large cross-lingual datasets and fine-tuned for gender recognition by a voice gender recog-
nition scholar (available at https://huggingface.co/alefiury /wav2vec2-large-xlsr-53-gender-
recognition-librispeech). The graph in the right panel of figure A.2 shows how Wav2Vec 2.0
performs. Recall that each speaker reads on average 35 sentences, recorded in 35 separate
MP3. The deep learning model assigns vocal gender—0 for male and 1 for females—to each
of these MP3 files separately. First, we take the average vocal gender by speaker id: 0 (1)
means that each MP3 was assigned “male” ( “female” ) while 0.1 means that 90% MP3s
were assigned “male” and 10% “female” by the deep learning model. Figure A.2 shows
that, in respectively 86% and 91% of the cases, 100% of the on average 35 MP3s of actual
respectively female and male speakers are indeed imputed as female. The quick decay of the
bars means that it is only in exceptional cases that someone who reports one gender is often
assigned a different gender by the deep learning model. Impute as “male” and “female” those
speakers for whom at least 2/3 of the MP3s are assigned respectively “male” and “female”
gender results in an accuracy of 94.15% with respect to the part of the sample for which
we have actual gender data. Such accuracy is of course lower when we consider teenagers,

whose voice may have not fully developed, meaning that boys can be misgendered.
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Table A.2: ACCENTS CODING

Self-reported accent Deduced Special Coastal Close H repression H repression
area zones province to Beijing 1966-71 2006-18
Malaysia Chinese Malaysia 0 0 0 0 0
Malaysian Chinese Malaysia 0 0 0 0 0
S ;11 dbRM Beijing 0 1 0 1 0
WA 11 bR, E#EEELE Beijing 0 1 0 1 0
B
AT 12 KiEH Tianjin 1 1 1 0 1
HAE 13 5TdEE Hebei 0 1 1 1 1
HAH ;14 LIRS Shanxi 0 0 1 1 1
S 15 AEHBEAK Inner Mongolia 0 0 0 1 1
WA 21 TTE Liaoning 1 1 0 1 1
LA 21 UTE, TTEE, Liaoning 1 1 0 1 1
FEAKRIE
HAEH 22 FME Jilin 0 0 0 1 1
S 23 BRIIE Heilongjiang 0 0 0 0 1
HEE 31 /M Shanghai 0 1 0 1 0
A 32 JIHE Jiangsu 0 1 0 0 0
HAEH 33 LA Zhejiang 1 1 0 1 0
WA 33 1 E, BRIEER Zhejiang 1 1 0 1 0
KE=B, BRALE, SBE
LA 34 ZHE Anhui 0 0 0 0 0
HA ;35 EEE Fujian 1 1 0 0 0
WA 35 BEE, BMMAS  Fujian 1 1 0 0 0
[mp=3
S 36 JIAE Jiangxi 0 0 0 1 0
WA 36 JIFE, HEM:  Jiangxi / Beijing 0 1 0 1 0
11 bR
HAEH 37 WRE Shandong 0 1 0
HAE 41 SUEEE Henan 0 0 0 0
WA 41 TEE, i, Z®  Henan 0 0 0 0 1
E_RPE
HAEH 42 Wb Hubei 0 0 0 0 0
S 43 A Hunan 0 0 0 1 1
WA 43 e, MNEEE  Hunan 0 0 0 1 1
HAEH 44 TTHRE Guangdong 1 1 0 1 1
WA 44 [THRE, £ES Guangdong 1 1 0 1 1
BRESERE
WA 45 [TEHERRKX Guangxi 0 0 1 1
WA 45 TEHBEERK, H Guangxi/Guangdong 1 1 0 1 1
Eth 44 THRE
S ;46 BEEE Hainan 1 1 0 0 1
HAEH - 50 BRRT Chongging 0 0 0 0 1
LA 50 ERT™, HEM:  Chongqing/Hebei 0 1 0 1 1
13 5068
HAEH 51 T)IE Sichuan 0 0 0 1
A 52 BMNE Guizhou 0 0 0 0 1
HAEM 52 REINE, HEM:  Guizhou 0 0 0 0 1
33 I8, LAl 21 UT8E
WA 53 ZEE Yunnan 0 0 0 1 1
S 61 BEFAE Shaanxi 0 0 0 1 1
HAEH 62 HiRE Gansu 0 0 0 1 0
HEH 64 TERBEBRAKX Ningxia Hui 0 0 0 1 0
HAE 65 MBES/REAK Xinjiang Uyghur 0 0 0 1 1
HAEH 81 FERAITHRX Hong Kong 0 1 0 0 1
TN Guangdong 1 1 0 1 1
REBRLE - Guangdong 1 1 0 1 1
&AM Yunnan 0 0 0 1 1
LiBE Unspecified
L&, Unspecified Unspecified
LIRS Unspecified
RES Unspecified
BIMET Unspecified . . . . .
FYI, 838, FNA Guangdong 1 1 0 1 1
Sk Malaysia 0 0 0 0 0
kA Malaysia 0 0 0 0 0
SEA - EFOF Foreigner 0 0 0 0 0
Mixed origin Mixed
Unspecified origin Unspecified

"Costal” = 1 for Beijing, Fujian, Guangdong, Guangxi, Hainan, Hebei, Jiangsu, Liaoning, Shan-
dong, Shanghai, Tianjin, and Zhejiang; 0 otherwise. “High death ratio during CR" = 1 for
Beijing, Gansu, Guangdong, Guangxi, Hebei, Hunan, Inner Mongolia, Jiangxi, Jilin, Liaoning,
Ningxia, Shaanxi, Shanghai, Shanxi, Xinjiang, Yunnan, and Zhejiang; 0 otherwise.
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Figure A.1: VOICE CLIPS RECORDING
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Figure A.2: PITCH AND GENDER
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B Robustness checks

B.1 Alternative construction of the dependent variables

Table B.1 checks the robustness of speaking fast and low to changes in how the dependent
variables are constructed. The first column simply reports the coefficients from the main
specification. In the second column ’Log’ we take the natural logarithm of each dependent
variables, the resulting magnitudes can hence be interpreted as percent changes, since they
are somewhat limited, and we used those ones in the text to discuss the magnitudes. In the
third column we standardize each DV and again use the resulting magnitudes in the main
body of the paper. The ’AI-Std’ column shows DiD estimates where pitch, tempo and volume
are standardized deviation from the pitch, tempo and volume produced by synthetic Al-bots
reading the exact same sentence as explained in the previous section. Here we see that pitch
loses significance. Moreover, we see that for both tempo and volume, the key interaction
term has a similar magnitude to that obtained when implementing a simple standardization,
suggesting that Al bots are indeed not able to mimic accurately those human contextual
emotions behind speaking fast and low. When we use the instead of mean for both pitch and
volume, in column five, we get again an insignificant DiD estimate for pitch and a ~ 40%
stronger estimate for volume. This is particularly reassuring and meaningful. It suggests
that our results on volume are not driven by sudden changes in volume that produce outlier
dB in some milliseconds. In the fifth and sixth columns we change how we measure pitch
and volume, leaving tempo blank. What we see in the last two columns of table B.1 is that
once again pitch outcomes seem particularly sensitive to their measurement, while volume
outcomes are very stable.

Table B.2 analyzes the subcomponents of tempo. In the main analysis, we derived
“tempo” , the typical metric used in the phonetics literature, as number of characters divided
by the length of the MP3. However, the total length of the MP3 includes periods of silence
before and after speech. It is therefore interesting to examine whether the main result—that
Mainland Chinese men speak “faster” —reflects actual speech tempo or instead differences
in recording behavior, whereby silences are shorter because people start or stop recordings
more quickly. If Mainland Chinese men feel urged to complete the recording of political
sentences due to some embodied stress, this should manifest not only in how fast they speak
but also in how quickly they handle the recording itself. To test this possibility, we examine a
few categories. Identifying precisely when a sentence begins and ends is not straightforward,
as background noise can be difficult to distinguish from speech. We are therefore aware
that some measurement error is unavoidable. Using the same criteria adopted for pitch and

volume, we consider admissible pitch values between 40 and 400 Hz and admissible volume
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levels above 30 dB. We then record the moments when the first and last pitch or volume
within these ranges occur. To clarify: every sound has volume, but not every sound has
pitch. For example, the s (or f) sound in English has no pitch—it cannot be sung on a
musical scale—while z or n do. Using the pitch criterion is therefore conservative: noise
such as a tap on the table may exceed the volume threshold but has no pitch, and will thus
be excluded. However, if a word begins or ends with an unvoiced consonant, that portion
will also be omitted. The volume criterion has the opposite limitation. With these caveats
in mind, table B.2 reports DiD estimates and shows that “speaking fast” is both a matter
of attitude and one of vocal delivery: the reduction in .2 seconds documented in column 1
and discussed in the paper seems similarly composed by the various sub-intervals of time
in the MP3. In columns 2-3, we report DiD estimates on the onset: the first sign of voice,
either with a pitch or volume criterion. We see that the onset is ~ .1 second quicker among
Mainland Chinese men when prompted with political sentences, significant when using the
pitch and non significant when using the volume criterion. Furthermore, when analyzing DiD
estimates on the offset: the duration from the start to the last sign of voice, the results using
pitch are basically the same as when using the whole duration as in the baseline approach,
while they amount to a =~ .1 again when using the volume criterion. Instead, when analyzing
the silence at the end of the sentence, we find small magnitudes and no significance, though

the sign is still negative.

B.2 Alternative construction of the treatment

Table B.5 checks the robustness of speaking fast and low to changes in how the treatment is
constructed. The details are provided in the table note. Throughout seven different opera-
tionalizations of the treatment, involving varying prompt, model settings, model and coding
agents, we find remarkably stable results for tempo and volume but not for pitch, once again.
Differences in tempo outcomes are negligible, while differences in volume outcomes are a bit
more marked. The reader should have in mind that the subset of sentences manually labelled
by two RAs is different from the pool of common sentences, hence the different outcomes we
get in such a case—with considerably lower standard deviation and DiD estimates alike—
are not directly comparable to the other ones reported in table B.5. The way in which all
sentences are coded by these different approaches in reported in table B.3, while table B.4
reports the details of the balance test in the main body (figure 3).

Table B.6 tentatively looks at sub-treatment effects, sharing treatment sentences by
whether they are opinions or factual statements, about foreign or domestic policies, with

a negative or neutral tone. Admittedly, the analysis is imperfect in two ways. First, the
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number of sentences becomes quite small when we seek to assess thee sub-treatments, hence
possibly unrepresentative. Second, the sentences in various sub-treatment groups may be
different in other ways than those captured by their label. It should be taken with caution as
a supplement of column 6 in table B.5: it helps us qualifying what political domain might be
particularly sensitive. Unsurprisingly, speaking fast and low is more marked when sentences
are about opinions rather than facts and when they present a negative than neutral tone. It

is also more marked on foreign than domestic policy.

B.3 Alternative specifications

Table B.7 checks the robustness of our main results to alternative sample restrictions, clus-
tering choices, and additional controls. The first column simply reports the coefficients from
the baseline specification for ease of comparison. In column two ( ‘Sample: Has $T=1$" ),
we restrict the analysis to individuals who were at least once assigned a political sentence,
ruling out the possibility that some respondents may have quit the recording process upon
encountering politics. The results remain significant and comparable in magnitude. In col-
umn three ( ‘Sample: Has PoB’ ), we limit the sample to respondents reporting to have been
born in China or Taiwan. The sharp drop in sample size reflects missing sociodemographic
information rather than a large share of speakers born elsewhere. Despite the reduced sam-
ple, the tempo and volume coefficients remain strong, while the pitch effect loses significance.
A similar picture emerges in column four ( ‘Sample: Has gender’ ), where restricting to indi-
viduals reporting their gender again shrinks the sample but leaves the main results on tempo
and volume robust. Column five ( 'Cluster: id" ) and column six ( ‘Cluster: id+sentence’
) vary the clustering level of standard errors; point estimates remain stable, and statistical
significance is preserved, indicating that the results are not an artifact of clustering choices.
In column seven ( ‘Control: linguistic’ ), we add controls for Mandarin tone distribution and
sentence readability to capture additional text-level variation. The main effects on tempo
and volume remain intact, suggesting that unobserved linguistic differences are not driving
our findings. Finally, in column eight ( ‘Control: order T" ), we account for the random
order in which treatment sentences were assigned and for the total number of political sen-
tences seen by each individual; results again hold. Overall, table B.7 demonstrates that our
findings—speaking faster and more quietly about politics in Mainland China—are robust
across a wide range of alternative specifications. Pitch results, by contrast, are consistently
fragile, underlining that tempo and volume are the most reliable prosodic markers of political

stress.
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B.4 Additional speech acoustics: Jitter and shimmer

In table B.8, we estimate null DiD effects of speaking about politics on voice quality, captured
by two further metrics. Jitter and shimmer are classical measures of voice quality that
capture microperturbations in the speech signal, often associated with phonatory stability
and vocal health.Jitter and shimmer capture the stability of the voice signal at the micro
level. Jitter measures how much the pitch wavers from one vocal cycle to the next, while
shimmer measures the equivalent variation in loudness. Both are standard in clinical voice
research, where high values typically indicate irregular vocal fold vibration associated with
voice disorders or strain. In non-clinical contexts, they reflect subtler variation in how
controlled or effortful a speaker sounds—breathier or more tense phonation, for instance.
Including them here allows us to test whether speaking about politics affects not just how
fast, loud, or high someone speaks, but also how steady and controlled their voice is at a

finer level of detail.

B.5 Alternative mechanisms

Gender socialization. A recent paper by Fan, Pan, and Zhang ( ) highlights that
the uncertainty generated by the lack of specific guidelines about what is or is not allowed
in contemporary China, possibly kept in place by the authoritarian regime to stimulate
costless compliance, generates gender-diverging compliance strategies. Due to different early
socialization patterns shaping men to be assertive and women to be agreeable, Fan, Pan,
and Zhang ( , p 1892) document that when tasked with defending the regime’ s image
but given no strict instructions, male instructors tended to aggressively assert the Party line
and censor sensitive discussion, while female instructors fostered open dialogue and tried to
gently persuade others toward pro-China views. Such an attitude may also take place inside
our natural experiment: men self-censor, while women speak normally. The plausibility of
such “gendered socialization” mechanism would increase if the acoustic markers of stress
are stronger in provinces with higher gender inequality, where, presumably, the extent to
which gender matters for communicative socialization is more marked. We, however, do
not find evidence for this possibility. Data on gender equality in China are scant, however,
we found data on the the ratio of the female to the male Subnational Human Development
Index (SHDI) by province, allowing to replicate the same within China analysis in table
3. Each SHDI is the geometric mean of three dimension indices—education, health, and
standard of living—constructed identically but with gender-specific indicators. Values < 1
indicate disadvantage for women, > 1 disadvantage for men, and = 1 parity — higher values

mean higher gender equality. Data come from national statistical offices (incl. Eurostat), the
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Global Data Lab’s Education, and UNDP’s HDI site. For 1990-2017, missing subnational
years were filled by interpolation/extrapolation, anchored to complete national UNDP series.
We create a dummy that takes the value of 1 if the province has higher than median level of
(SHDI). We find that the DiD estimate for Political x China is negative on tempo and positive
on volume, but the effect is very mild (B = —.11,SFE = .09 for tempo and B =.37,SFE =.75
for volume). It is hence unlikely that men and women are equally afraid to talk about

ordinary politics and only differ in how they cope with the same feelings.

Sampling. Because speakers are volunteers, the results may partly reflect differential se-
lection or attrition between participants from Mainland China and Taiwan and /or between
men and women. While individual FE net out time-invariant characteristics such as e.g.
different recording technologies that may be more or less popular in Mainland China and
Taiwan and e.g. display different sensitivities to e.g. pitch variation, it could be that the self-
selection of Mainland Chinese and Taiwanese speakers dramatically differ in a way that would
not generalize to a more representative sample. Three observations here: (i) if anything, we
would expect the Mainland Chinese sample to exclude individuals that are particularly afraid
of their digital footprint, hence if a sampling bias exists then it runs against our findings;
(ii) accessing Modzilla common voice corpus to donate one’s voice did not require a vpn in
China; (iii) the distribution of aggregate pitch, tempo and volume reproduce stylized facts:
Taiwanese are louder and more melodic (see 1). (iv) The share of women is 39.6% in China
and 34.7% in Taiwan while the share of speakers aged less than 30 is 95.4% in China and
85.3% in Taiwan: while some differences in the few demographics we know exist, they are
somewhat limited in size.

Additionally, male and female speakers across Taiwan and Mainland China do not seem
to substantially differ in terms of attrition. The panel A of figure B.1 shows that the
probability distribution of treatment sentences. If such probability distribution has some
positive skewness, we mat suspect that, as soon as they see a sentence with a political
connotation, Chinese men stop recording. Instead, the probability distribution is a uniform
within the recording session for each subgroup. This likely reflects, in part, the fact that even
political sentences can be sensitive enough from the perspective of some speakers to trigger a
specific speech acoustics pattern but not so strong as to lead speakers to stop recording—the
reader may remember that they can exit any time). Moreover, while some differences in
the mean or median number of recorded sentences can be observed in panel B of figure B.1,
these differences are overall limited, with the mean being sensitive to outliers who recorded
an extremely high number of sentences. The fact that the mode is 5 for every subgroup is

not surprising: recording sessions come in batches of 5, after which speakers can decide to
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Figure B.1: ATTRITION BY GENDER AND AREA

A: Relative position of treatment sentence B: Median, mode, and mean n. of sentences
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Notes. Panel A shows the relative position of the treatment sentence within each speaker’ s set of recorded sentences. The
variable on the y-axis, relative position within ID, ranges from 0 (first sentence) to 1 (last sentence) within each individual' s
ordered sequence. The plot focuses on treatment sentences. Panel B summarizes the number of recorded sentences per individual
(ID) by gender and country. For each subgroup, it reports three measures of central tendency: the median, the mode, and
the mean number of sentences. The mean is calculated after trimming the top and bottom 20 percent of observations within
each subgroup to limit the influence of extreme values. Bars are white with distinct outline shades to differentiate the three

statistics, and values are displayed separately for men and women in Taiwan and Mainland China.

either record again or stop).

Biological differences. One possibility could be that gender differences observed in Main-
land China but not in Taiwan have to do with biological differences between genders that are
to be expected in China but not in Taiwan. The gender difference would be explained by the
fact that men have more flexibility of their speech acoustics due to biological differences, but
such gender difference is specific to Mainland Chinese. This possibility is extremely unlikely.
First, women have greater, not smaller, vocal flexibility than men. Moreover, mainland Chi-
nese and Taiwanese are by far and large ethnically similar. Another related possibility is
that men being more interested in politics, they are quicker at spotting that a sentence is
political and at adapting. Again, it seems very implausible because our sentences are short

and simple.
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Table B.1: ROBUSTNESS: DEPENDENT VARIABLE DEFINITION

Baseline Log Std AI-Std  Median L-bounds up U-bounds down

A: Tempo (characters/second)

Political x China  .201*** 080" .219***  .196**
(.072)  (.030)  (.085)  (.087)

Output mean 2.756 977 147 -1.525
F-stat 7.765 7.374 6.658 5.065
N. obs 14,967 14,967 14,967 14,909
B: Volume (dB)
Political x China -2.270**  -.040** -.383** -.440*** -3.127** -2.284*** -1.612%**
(.892) (.016) (.153) (.157) (1.232) (.851) (.611)
Output mean 61.737 4.119 .109 -.430 64.114 61.149 64.877
F-stat 6.473 6.236 6.312 7.851 6.447 7.194 6.958
N. obs 14,967 14,967 14,967 14,909 14,967 14,948 14,946
C: Pitch (Hz)
Political x China  4.733** .035** .162* .089 4.416 2.584 .648
(2.280) (.016) (.087) (.082) (3.161) (2.387) (2.580)
Output mean 136.550  4.892 .037 .286 134.527 139.699 140.426
F-stat 4.312 4.550 3.421 1.165 1.952 1.171 .063
N. obs 14,967 14,967 14,967 14,909 14,967 14,946 14,946
COMMON MODELLING ASSUMPTIONS
Sentence FE yes yes yes yes yes yes yes
Individual FE yes yes yes yes yes yes yes

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. The first column ’Baseline’ reports the
coefficients from the main specification for comparison. In the second column ’Log’ we take the natural lograrithm of each
dependent variables, magnitudes can hence b e interpreted as semi-elasticities. In the third and fourth columns, ’Std’ and "Al-
Std’ we replace the original DV with a standardized version of them. For the ’Std’ column, we apply the typical standardization
by subtracting to each observation the mean and dividing by the standard deviation, both country-gender specific. The *Al-
Std’ column operates a more complex and original standardization. Specifically, the main dependent variables are defined
as z_ 14,8 = w where o_ ¢ is the standard deviation across all Al sentence-level values for each output, hence z_ i, s
captures the standardlzed deviation of each spoken sentence with respect to the Al benchmark. In the fourth column DV
median’ we use the median instead of mean for both pitch and volume — of course e do not have an equivalent for ’tempo’,
hence we leave it blank. In the fifth and sixth columns we change how we measure pitch and volume, leaving tempo blank.
"Lowerbound up’ lifts lowerbound Hz for recording pitch from 40 to 60 and lowerbound db for volume from 30 to 45, leaving
upperbounds unchanged to 400Hz and 200db resp. ’Upperbound down’ we set maximum pitch to 350hz and maximum volume
to 90db.
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Table B.2: SPEAKING FAST OR CLICKING FAST?

Overall Start mp3 Start mp3 Start mp3  Start mp3  T,ast Hz Last dB
length first Hz first dB last Hz last dB end mp3 end mp3

Length of speech (seconds)

Political x China -.211** -.131* -.109 -.218%** 110 -.021 -.024
(.104) (.052) (.075) (.082) (.093) (.033) (.032)

Output mean 2.972 719 481 2.365 2.552 .605 418

F-stat 4.096 6.354 2.125 7.018 1.395 .393 .599

N. obs 14,967 14,946 14,948 14,946 33,118 33,114 33,118

COMMON MODELLING ASSUMPTIONS
Sentence FE yes yes yes yes yes yes yes
Individual FE yes yes yes yes yes yes yes

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. We focus on men and use the baseline
specificaiton in equation 1 in the main body of the paper. In the first column, we report the DiD estimate on the overall
duration of the mp3. In the second and third columns, we focus on the distance between the start of the mp3 and a candidate
for the start of the spoken part. Such candidates are the first pitch bounded between 40 and 400 Hz in column 2 and the
first intensity above 45dB in column 3—they are used in subsequent analsis as well. In the fourth and fifth columns, we
focus on the distance between the start of the mp3 and a candidate for the end of the spoken part. In the sixth and last
columns, we focus on the distance between the last candidate for the end of the spoken part and the end of the mp3.
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Table B.3:

POLITICAL SENTENCES IN MAIN SPECIFICATION

Sentence Translation Main Prompt Prompt Model Temp T
Mandarin English 1 2 nano =1 €0,1
PEAEEHMRE china has freedom and democracy 1 1 1 1 1 0.9
hvar e legislative yuan wall 1 1 1 1 1 0.9
PRT7EEEIBRIRE besides elections elections 1 1 1 1 1 0.8
BE-WERHS elected as a Three Gorges Village council member 1 1 1 1 1 0.8
NSRS strengthen city diplomacy 1 1 1 1 1 0.8
HENRSHE the characteristic of politicians is that 1 1 1 1 1 0.8
BZEEBE the council of agriculture has amended the law 1 1 1 1 1 0.8
TJREERABECAAY may become a politician 1 1 1 1 1 0.5
LNBEHEARNBANZES = there was a special political time and space back- 1 1 1 1 1 0.5
ground at that time
MERGEREERBBER neither president spoke directly by phone 1 1 1 0 1 0.8
EREHBBEREY the policy of allowances and subsidies works 1 1 1 0 1 0.8
ERAESTIBIER ST amendments to some provisions 1 1 1 0 1 0.5
EENEERNRE just vote right then and there 0 1 1 1 1 0.5
BEHRAR purify public order 1 1 1 0 1 0.5
PREMBETERHSZ inspection by the central authority in charge of the 1 0 0 1 1 0.9
target industry
REEREER member selection criteria and procedures 1 0 0 1 1 0.8
BEEAZERER the results of the review meeting 1 0 0 1 1 0.8
REBEHMRF—F college students only have one vote 0 1 1 1 0 0.5
BEmRSS5 strengthen citizen participation 0 1 1 1 0 0.5
BR—REFEEEE convene a general procedure review meeting 1 0 0 0 1 0.8
IR IR E F R 2ES dismantling and destroying police-erected barricades 1 0 0 0 1 0.8
AU LZELE more than half of the committee members should be 1 0 0 0 1 0.8
present
FEZRNEHEZRBNE review committee members should sign a confidential- 1 0 0 0 1 0.8
ity agreement
REEZRZF improve national competitiveness 1 1 0 0 1 0.7
W B IEREHE promote various welfare measures 1 0 0 0 1 0.7
LRGN R EEREES the police will have direct physical contact with the 1 0 0 0 1 0.7
public
REMERERRIE SRS just a bloated bureaucratic structure 0 1 1 0 0 0.3
B FRE the russojapanese war breaks out 1 0 0 1 1 0.2
notify the police unit for processing 1 0 0 0 1 0.8
attend international conferences 1 0 0 0 1 0.7
many journalists and police officers were injured 1 0 0 0 0 0.5
MAERDUREEL there were also air raids and wartime turmoil 1 0 0 0 1 0.5
HIAT 8 75 R0 IR FE R close the psychological distance between the two par- 0 1 1 0 0 0.2
ties
AP L 2 S AR AR BE they said all the members present were sleeping 1 0 0 0 1 0.2
F—RERKELE end of world war 1 1 0 0 0 1 0.1
BAIREDR article 6 point 5 0 1 0 0 0 0.0
LB AZRE both parties are not in a good mood 0 1 1 0 0 0.0
BRELHHTK - BEMHS i have already given it to the president and am waiting 0 1 1 0 0 0.0
for news from him
ERIHRRE limited to president and vice president 0 1 1 0 0 0.0
AREERRTRSR originally i wanted to tell the president 0 1 1 0 0 0.0
HRIGETRIF AN S the president didnt order dessert but didnt tell me 0 1 1 0 0 0.0
BURBBERRNINE effectively disrupt violent mass attacks 0 0 0 0 1 0.8
BE=S2Z_ EtZEHE more than twothirds of the members should be 0 0 0 0 1 0.8
present
REEREES more able to comply with laws 0 0 0 0 1 0.7
BEERTE have control 0 0 0 0 1 0.5
32BN X AR he has no right to do this 0 0 0 0 1 0.5
REBEHE improve the medical system 0 0 0 0 0 0.5
HEKENEREE promote the recovery and reconstruction of disaster 0 0 0 0 1 0.5
areas
RIERERZMOER protect farmers rights and interests in participating 0 0 0 0 1 0.5
AR St S S B E LKA the historical context that shaped todays social situ- 0 0 0 0 1 0.3
ation
EIOIRERICEMER 21T R any behavior that may infringe on the rights of lec- 0 0 0 0 0 0.2
turers
N EE R new value system 0 0 0 0 0 0.2
ENERME power makes me happy 0 0 0 0 0 0.2
BURCERBNHR build a caring and warm society 0 0 0 0 0 0.1

Sentence Mandarin here is in simplified characters, stripped of punctuations to ease merging. The same applied to
the translation in English, done with Claude (Anthropic).
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Table B.4: COVARIATE BALANCE FOR SENTENCE CHARACTERISTICS

DV Mean (t = Mean (t = Political ~ Political x China N. obs.
-0.028*** 0.024***
Entropy 0.446 0.526 (0'001) (0.001) 238,581
- 0.869*** -0.671%**
Readability 114.517 112.578 (0.033) (0.041) 238,581
-0.778%** 0.608***
Word count 6.347 7.831 (0.028) (0.035) 238,581
-0.836*** 1.796***
N. characters count 12.131 16.349 (0.053) (0.064) 238,581
-0.027*** 0.019***
Tone 1 0.231 0.213 (0'002) (0.002) 238,573
0.021%** -0.011***
Tone 2 0.220 0.243 (0.002) (0.003) 238,573
0.004** -0.010%**
Tone 3 0.186 0.174 (0.002) (0.002) 238,573
0.002 0.002
Tone 4 0.363 0.370 (0.003) (0.004) 238,573
Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Sentence-level entropy of the within—
sentence token distribution. For a sentence s with token types {¢1,...,tx}, counts ng, total N = Zi(:l Nk,
and empirical probabilities pr = ny /N, the entropy is H(s) = 72521 pk log pr. with log base 2 (bits). Higher

values indicate a more uniform token distribution and greater lexical complexity. Tokens are computed at the
sentence level. Readability is proxied by the Flesch Reading Ease (FRE) index, which combines average sentence
length and average syllables per word as follows: FRE = 206.835 — 1.015 % — 84.6 % FRE ranges
from 0 (hard) to 100 (easy). To interpret it as a complezity measure aligned with entropy whereby higher values
indicate more complexity, we rescale the index with the transformation Cprg = 100 — FRE. Word count and
number of characters are obvious metrics. As one can imagine, these first four metrics of sentence complexity
are extremely correlated. Within the sample of common sentences between China and Taiwan, for example, the
weakest correlation is that between number of characters and words. Yet still is .84. For each sentence s, we
segment the text into Mandarin syllables and assign each syllable a lexical tone t € {1,2,3,4} (high level, rising,
dipping, falling) from the transcription (Pinyin with diacritics or numeric tags). Let ns be the count of syllables
with tone ¢, and let N = Z?:l nt be the total number of tone—bearing syllables with tones 1-4. The share for tone
t is sharei(s) = ny/N. Neutral-tone syllables, punctuation, non-Chinese tokens, or untagged items are excluded
from N (a separate neutral-tone share can be reported if needed). By construction, Zf:l shares(s) = 1.
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Table B.5: ROBUSTNESS: TREATMENT DEFINITION

Baseline Prompt 1 Prompt 2 T €(0,1) Temp=1 Model Raw

A: Tempo (characters/second)

Political x China  .201*** 178+ .194*** 215 .190*** .264** A70%
(.072) (.076) (.074) (.090) (.059) (.103) (.066)
Output mean 2.756 2.756 2.756 2.755 2.758 2.759 2.756
F-stat 7.765 5.506 6.934 5.740 10.217 6.514 6.728
N. obs 14,967 14,967 14,967 14,967 14,853 14,853 14,967
B: Volume (dB)
Political x China -2.270** -1.518* -1.610* -1.926**  -2.214***  -2.206* -2.011**
(.892) (.872) (.846) (.861) (.655)  (1.276)  (.839)
Output mean 61.737 61.737 61.740 61.766 61.741 61.742 61.740
F-stat 6.473 3.033 3.623 5.008 11.410 2.990 5.744
N. obs 14,967 14,967 14,967 14,967 14,853 14,853 14,967
C: Pitch (Hz)
Political x China  4.733** -4.802 -2.717 8.111** 2.091 -3.512 2.249

(2.280)  (3.272)  (3.545)  (3.984)  (2.689)  (2.774)  (2.941)

Output mean 136.550 136.562 136.566 136.567 136.563  136.580 136.543

F-stat 4.312 2.154 .b87 4.145 .604 1.603 .b85

N. obs 14,967 14,967 14,967 14,967 14,853 14,853 14,967
COMMON MODELLING ASSUMPTIONS

Sentence FE yes yes yes yes yes yes yes

Individual FE yes yes yes yes yes yes yes

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. The first column
provides baseline estimates to ease comparison. The treatment is assigned to a 196 voice clips. The
second column "Prompt 1’ follows the original one, but avoid giving examples in brackets about the
type of sentences to be labelled as political. It reads: "You are a text classifier. Assign a political
relevance score between 0 and 1 to each sentence. A sentence if political if it mentions political
institutions, political opinions, political debates or political events”! The treatment is assigned to a
164 voice clips. The third column 'Prompt 2’ uses an alternative simpler prompt 'Label each sentence
as 1 if it is related to politics and 0 if it is unrelated’— here the definition is left to the LLM, resulting
in 177 voice clips considered treatment. The fourth column proposes a continuous treatment which
is based on the main prompt: "You are a text classifier. Assign a political relevance score between 0
and 1 to each sentence. A sentence if political if it mentions political institutions, political opinions,
political debates or political events. Prioritize sentences mentioning political institutions, political
opinions, political debates or political events relevant to contemporary Taiwanese or Chinese politics
over historical references unrelated with contemporary Taiwanese or Chinese politics’. The fifth
column "Temp = 1’ ’ checks the robustness of the baseline estimation with respect to the temperature
of the labelling prompt, which is 0 (deterministic) in the baseline and 1 here, hence allowing some
randomness in the labelling process and resulting in approximately 50% more treated sentences. It
labels in a less conservative way.The fact that some results are weaker makes sense: sentences that
are less ambiguously about politics produce stronger results. The sixth column 'Model’ checks the
robustness of the baseline estimation to a different, less sophisticated and expensive model (GPT 4o
mini). The seventh column 'Raw’ allows the treatment status to be different in China or Taiwan.
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Table B.6: ROBUSTNESS: BY SUB-TREATMENT

Baseline ~Opinions Facts Foreign ~ Domestic Negative Neutral
policy policy tone tone
A: Tempo (characters/second)
Political x China  .201*** 347 114* .529*** .184** .194%** .060
(.072) (.128) (.059) (.160) (.075) (.074) (.072)
Output mean 2.756 2.756 2.756 2.756 2.756 2.756 2.756
F-stat 7.765 7.371 3.748 10.938 6.088 6.907 .698
N. obs 14,967 14,948 14,967 14,967 14,967 14,967 14,967
B: Volume (dB)
Political x China -2.270** -3.043* -1.406*  -5.925*** -1.211 -2.633* -1.389
(.892) (1.607) (.840) (1.540) (.907) (1.425) (1.032)
Output mean 61.737 61.738 61.732 61.728 61.730 61.728 61.729
F-stat 6.473 3.583 2.798 14.793 1.782 3.413 1.811
N. obs 14,967 14,948 14,967 14,967 14,967 14,967 14,967
COMMON MODELLING ASSUMPTIONS
Sentence FE yes yes yes yes yes yes yes
Individual FE yes yes yes yes yes yes yes

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. After reporting baseline findings, we
divide sentences in ’opinions’ and ’facts’ in columns 2 and 3. The former category includes sentences such as ’improve
competitiveness’ whereas the latter includes sentences like ’the council of agriculture has amended the law’ Notice
that some sentences are neither opinions neither facts, some may be ambiguous—in general, none of the dichotomic
categories here are intended to cover all sentences. We then divide the sentences between foreign and domestic policy
in columns 4 and 5, and finally we divide sentences depending on their tone, negative or neutral. This last division is
a bit more speculative: 'many journalists and police officers were injured’ has a negative tone, 'more than two thirds

of the members should be present’ has a neutral tone.
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Table B.7: ROBUSTNESS: SPECIFICATIONS

Baseline Sample: Sample: Cluster: Cluster: Control:

Has PoB Has gender only id  id+sentence order T

A: Tempo (characters/second)

Political x China  .201*** .200** 212+ 201 201 201+
(.072) (.097) (.096) (.088) ) (.072)
Output mean 2.756 2.803 2.810 2.756 2.756 2.756
F-stat 7.765 4.221 4.883 5.284 6.333 7.765
N. obs 14,967 3,434 10,706 14,967 14,967 14,967

B: Volume (dB)
Political x China -2.270**  -3.607***  -3.535***  -2.270*** -2.270** -2.270**

(.892) (.814) (.810) (.862) (.899) (.892)
Output mean 61.737 61.917 61.577 61.737 61.737 61.737
F-stat 6.473 19.612 19.067 6.941 6.385 6.473
N. obs 14,967 3,434 10,706 14,967 14,967 14,967
C: Pitch (Hz)
Political x China  4.733** 1.275 1.072 4.733%* 4.733*** 4.733%*
(2.280) (3.288) (3.185) (2.224) (1.586) (2.280)
Output mean 136.550 144.659 137.808 136.550 136.550 136.550
F-stat 4.312 150 113 4.528 8.912 4.312
N. obs 14,967 3,434 10,706 14,967 14,967 14,967
COMMON MODELLING ASSUMPTIONS
Sentence FE yes yes yes yes yes yes
Individual FE yes yes yes yes yes yes

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. The first column provides baseline
estimates to ease comparison. The second column ’Sample: has PoB’ subset on individuals who report to have
been born in either Taiwan or China. Note that the drammatic drop in sample is not due to the fact that a
very small minority of respondent lives somewhere else (e.g, in China only 14 respondents report to live in e.g.
US or Malasya), but to the fact that most respondents do not provide their sociodemographics. Same for the
third column ’has gender’. Imputing on gender is quite straightforward due to strong differences in pitch, but it
could still be that women and men reporting or not reporting their vocal gender are for some reason different—if
that was the case, we may learn about selection. It is hence understood mostly as a check on whether people
who give their credentials are substantially different from the rest of the sample. In the fourth column ’Cluster:
id’ we cluster by ID and not by sentence, while in the fifth column ’Cluster: id and sentence’ we cluster for
both. Finally, in the column 'Control: order T’ we control for the order at which the treatment sentence was
exogenously assigned to respondents and for the total number of treated sentences they had.
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Table B.8: VOICE QUALITY: JITTER AND SHIMMER

Jitter Jitter Shimmer  Shimmer
local  smooth local smooth

Voice quality

Political x China  .000 .001 -.000 .001
(.002)  (.001) (.007) (.005)

Output mean .030 .015 153 .058

F-stat .002 .201 .003 .061

N. obs 14,945 14,945 14,945 14,945

COMMON MODELLING ASSUMPTIONS
Sentence FE yes yes yes yes
Individual FE yes yes yes yes

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01. Jitter (local) is calculated as the average absolute difference
between consecutive pitch periods, divided by the mean period, and ex-
pressed as a percentage; it captures short-term cycle-to-cycle irregularity
in frequency. Jitter (smooth) is a smoothed version of jitter, where each
period is compared to the mean of itself and its four nearest neighbors (five
periods total), reducing the influence of single-period outliers and reflecting
instability over a slightly longer window. Shimmer (local) is the average
absolute difference in peak-to-peak amplitude between consecutive cycles,
divided by the mean amplitude; it reflects cycle-to-cycle variability in vocal
intensity. Shimmer (smooth) extends this measure by averaging absolute
amplitude differences across a moving window of three consecutive periods,
providing a smoother estimate of short-term amplitude perturbation.
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Table B.9: RANDOMIZATION OF TREATMENT

Mainland China Taiwan
Mainland China add missings Taiwan add missings
Share of political sentences
Age bracket -.004 -.002 -.001 -.000
(.007) (.005) (.004) (.004)
Female -.001 .004 .013 .010
(.013) (.005) (.009) (.006)
Total sentences recorded .000 .000 .000 .000
(.000) (.000) (.000) (.000)
Missing gender (dummy) -.011 -.016 -.006 -.006
(.025) (.017) (.024) (.015)
F-stat 176 .825 .551 .829
Prob > F .951 .509 .699 .507
R? .001 .001 .003 .002
N. obs 910.000 4436.000 682.000 1673.000

Notes. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. We collapse data at the
individual level and calculate the share of treatment (political) sentences, using it as a dependent variable,
regressed on the key sociodemographic covariates and three dummy variables capturing whether a datum is
missing. Columns (2) and (4) keep missing values on age bracket and female giving them an arbitrary value

of 99.
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