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Abstract

Domassmedia influence people’s opinion of other countries? Us-

ing BERT, a deep neural network-based natural language processing

model, we analyze a large corpus of 267,907 China-related articles

published by The New York Times since 1970. We then compare

our output from The New York Times to a longitudinal data set con-

structed from 101 cross-sectional surveys of the American public’s

views on China. We find that the reporting of The New York Times

on China in one year explains 54% of the variance in American pub-

lic opinion on China in the next. Our result confirms hypothesized

links between media and public opinion and helps shed light on how

mass media can influence public opinion of foreign countries.
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Main

America and China are the world’s two largest economies, and they are

currently locked in a tense trade war. In a democratic system, pub-

lic opinion shapes and constrains political action. How the American

public views China thus affects relations between the two countries.

Because few Americans have personally visited China, most Americans

form their opinions of China and other foreign lands from media depic-

tions. Our paper aims to explain how Americans form their attitudes

on China with a case study of how The New York Times may shape pub-

lic opinion. Our analysis is not causal, but it is informed by a causal

understanding of how public opinion may flow from media to citizen.

There is considerable debate among scholars of public opinion and

political communication over how media affect (media is plural) the

American mind [1]. Many things complicate what might seem like a

straightforward relationship. For example, people generally tend to seek

out news sources with which they agree [2], and politically-active indi-

viduals do so more aggressively than the average person [3]. Addition-

ally, with the advent of social media platforms such as Facebook and

Twitter, traditional media respond to audience demand more strongly

than ever before [4].

Most extant survey data indicate that Americans do not seem to like

China very much. Many Americans are reported to harbor doubts about

China’s record on human rights [5, 6] and are anxious about China’s

burgeoning economic, military, and strategic power [7, 8]. They also

think that the Chinese political system fails to serve the needs of the

Chinese people [6]. Most Americans, however, recognize a difference

between the Chinese state, the Chinese people, and Chinese culture,
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and they view the latter two more favorably [7]. In Fiske’s Stereotype

Content Model [9], which expresses common stereotypes as a combi-

nation of “competence” and “warmth,” Asians belong to a set of “high-

status, competitive out-groups” and rank high in competence but low

in warmth [10].

The New York Times, which calls itself the “Newspaper of Record,” is

the most influential newspaper in the USA and possibly even in the An-

glophonic world. The digital edition boasts 91 million unique monthly

visitors in the US alone [11], and while the paper’s reach may be im-

pressive, it is yet more significant that the readership of The New York

Times represents an elite subset of the American public. Print sub-

scribers to the New York Times have a median household income of

$191,000, three times the median income of US households writ large

[12]. Despite the paper’s haughty and sometimes condescending re-

porting, the paper “has had and still has immense social, political, and

economic influence on American and the world” [13, page 81].

A small body of prior work studies the The New York Times and how

The New York Times reports on China. Blood and Phillips uses autore-

gression methods on time series data to predict public opinion [14]. Wu

et al. use a similar autoregression technique and find that public sen-

timent regarding the economy predicts economic performance and that

people pay more attention to economic news during recessions [15].

Peng finds that coverage of China in the paper has been consistently

negative but increasingly frequent as China became an economic pow-

erhouse [16]. There is very little other scholarship that applies language

processing methods to large corpora of articles from The New York Times

or other leading papers. Atalay et al. is an exception that uses statistical
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techniques for parsing natural languages to analyze a corpus of news-

paper articles from The New York Times, the Wall Street Journal, and

other leading papers in order to investigate the increasing frequency of

information technologies in newspaper classifieds [17].

Our paper aims to advance understanding of how Americans form

their attitudes on China with a case study of how The New York Times

may shape public opinion. We hypothesize that media coverage of for-

eign nations affects how Americans view the rest of the world. This

model deliberately simplifies the interactions between audience andme-

dia and sidesteps many debates. We confine our analysis to a corpus

of 267,907 articles on China from The New York Times articles because

of the paper’s singular influence and importance. We quantify media

sentiment with BERT, a state-of-the-art natural language processing

model with deep neural networks, and segment sentiment into eight

topics to capture the nuance of American opinion toward China. We

then use conventional statistical methods to link media sentiment to a

longitudinal data set constructed from 101 cross-sectional surveys of

the American public’s views on China. We find strong correlations be-

tween how The New York Times reports on China in one year and the

views of the public on China in the next. The correlations agree with

our hypothesis and imply a strong connection between media sentiment

and public opinion.

Results

We begin with a demonstration of how the reporting of The New York

Times on China changes over time, and we follow this with an analysis

of how coverage of China might influence public opinion toward China.
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Quantifying media sentiment and public opinion

We quantify media sentiment with a natural language model on a

large-scale corpus of 267,907 articles on China from The New York

Times published between 1970 and 2019. To explore sentiment from

this corpus in greater detail, we map every article to a sentiment cat-

egory (positive, negative, or neutral) in eight topics: ideology, govern-

ment & administration, democracy, economic development, marketiza-

tion, welfare and well-being, globalization, and culture.

We do this with a three-stage modeling procedure. First, two hu-

man coders annotate 873 randomly selected articles with a total of

18,598 sentences as expressing either positive, negative, or neutral

sentiment in each topic. We treat irrelevant articles as neutral sen-

timent. Secondly, we fine-tune a natural language processing model

BERT (Bidirectional Encoder Representations from Transformers [18])

with the human-coded labels. The model uses a deep neural network

with 12 layers. It accepts sentences (i.e., word sequences of no more

than 128 words) as input and outputs a probability for each category.

We end up with two binary classifiers for each topic for a grand total

of 16 classifiers: an assignment classifier that determines whether a

sentence expresses sentiment in a given topic domain and a sentiment

classifier that then distinguishes positive and negative sentiment in a

sentence classified as belonging to a given topic domain. Thirdly, we

run the 16 trained classifiers on each sentence in our corpus and as-

sign category probabilities to every sentence. We then use the probabil-

ities of all the sentences in an article to determine the article’s overall

sentiment category (i.e., positive, negative, or neutral) in every topic.

As demonstrated in Table 1, the two classifiers are accurate at both
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the sentence level and the article level. The assignment classifier and

the sentiment classifier reach classification accuracy of 89 - 96% and 73

- 90% respectively on sentences. The combined outcome of the classi-

fiers, namely article sentiment, is accurate to 65 - 95% across all eight

topics. For comparison, a random guess would reach an accuracy of

50% on each task (See Methods for details).

American public opinion towards China is a composite measure

drawn from national surveys that ask respondents for their opinions on

China. We collect 101 cross-sectional surveys from 1974 to 2019 that

asked relevant questions about attitudes toward China and develop a

probabilistic model to harmonize different survey series with different

scales (e.g., 4 levels, 10 levels) into a single time series, capitalizing on

"seaming" years in which different survey series overlapped. For every

year, there is a single real value representing American sentiment on

China relative to the level in 1974. Put another way, we use sentiment

in 1974 as a baseline measure to normalize the rest of the time series.

A positive value shows a more favorable attitude than that in 1974, and

a negative value represents a less favorable attitude than that in 1974.

Because of this, the trends in sentiment changes year-over-year are of

interest, but the absolute values of sentiment in a given year are not

(See Methods for details). As shown in Figure 1, public opinion towards

China has varied greatly from 1974 to 2019. It steadily climbed from

a low of -24% in 1976 to a high of 73% in 1987, and has fluctuated

between 10% to 48% in the intervening 30 years.
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Trend of media sentiment

The New York Times hasmaintained steady interest in China and China-

adjacent topics over the years in our sample and has published at least

3,000 articles on China in every year of our corpus. Figure 2 displays

the yearly volume of China-related articles from The New York Times on

each of the eight topics since 1970. Articles on China increase sharply

after 2000 and eventually reach a peak around 2010 at almost dou-

ble their volume from the 1970s. As the number of articles on China

increases, the amount of of attention paid to each of the eight topics

diverges. Articles on government, democracy, globalization, and cul-

ture are consistently common while articles on ideology are consistently

rare. In contrast, articles on China’s economy, marketization, and wel-

fare were rare before 1990 but become increasingly common after 2000.

The timing of this uptick coincides neatly with worldwide recognition of

China’s precipitous economic ascent and specifically the beginnings of

China’s talks to join the World Trade Organization.

While the proportion of articles in each given topic change over time,

the sentiment of articles in each topic is remarkably consistent. Ignor-

ing neutral articles, Figure 3 illustrates the yearly fractions of positive

and negative articles about each of the eight topics. We find four top-

ics (economics, globalization, culture, and marketization) are almost al-

ways covered positively while reporting on the other four topics (ideology,

government & administration, democracy, and welfare & well-being) is

overwhelmingly negative.

The NYT views China’s globalization in a very positive light. Almost

100% of the articles mentioning this topic are positive for all of the years

in our sample. This implies that New York Times welcomes China’s
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openness to the world and, more broadly, may be particularly partial to

globalization in general.

Similarly, economics, marketization, and culture are covered most

commonly in positive tones that have only grown more glowing over

time. Positive articles on these topics begin in 1970s when China and

the US began Ping-Pong diplomacy, and eventually comprise 1/4 to 1/2

of articles in these three topics, the remainder of which are mostly neu-

tral articles. This agrees with the intuition that most Americans like

Chinese culture. The New York Times has been deeply enamored with

Chinese cultural products ranging from Chinese art to Chinese food

since the very beginning of our sample. Following China’s economic

reforms, the number of positive articles and the proportion of positive

articles relative to negative articles increases for both economics and

marketization.

In contrast, welfare & well-being is covered in an almost exclusively

negative light. About 1/4 of the articles on this topic are negative, and

almost no articles on this topic are positive. Topics regarding or adjacent

to politics are covered very negatively. Negative articles on ideology, gov-

ernment & administration, and democracy outnumber positive articles

on these topics for all of the years in our sample. Though small fluc-

tuations that coincided with ebbs in US-China relations are observed

for those three topics, coverage has only grown more negative over time.

Government & administration is the only negatively-covered topic that

does feature some positive articles. This reflects the qualitative under-

standing that The New York Times thinks that the Chinese state is evil

but capable.

Despite the remarkable diversity of sentiment toward China across
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the eight topics, sentiment within each of the topics is startlingly con-

sistent over time. This consistency attests to the incredible stability of

American stereotypes towards China. If there is any trend to be found

here, it is that the main direction of sentiment in each topic, positive

or negative, has grown more prevalent since the 1970s. This is to say

that reporting on China has become more polarized, which is reflective

of broader trends of media polarization [4], [19].

Media sentiment affects public opinion

To reveal the connection between media sentiment and public opinion,

we run a linear regression model (Equ 1) to fit public opinion with media

sentiment from current and preceding years.

µt =
∑

1≤k≤8

∑
j∈[t,t−1,t−2,··· ]

∑
s∈{positive,negative}

βkjsFkjs, (1)

where µt denotes public opinion in year t with possible values ranging

from −1 to 1. Fkjs is the fraction of positive (s = positive) or negative

(s = negative) articles on topic k in year j. A non-negative coefficient

βkjs quantifies the importance of Fkjs in predicting µt.

There is inertia to public opinion. A broadly-held opinion is hard to

change in the short term, and it may require a while for media sentiment

to affect how the public views a given issue. For this reason, j is allowed

to take [t, t− 1, t− 2, · · · ] anywhere from zero to a couple of years ahead

of t. In other words, we inspect lagged values of media sentiment as

candidate predictors for public attitudes towards China.

We seek an optimal solution of media sentiment predictors to explain

the largest fraction of variance (r2) of public opinion. To reduce the risk
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of overfitting, we first constrain the coefficients to be non-negative after

reverse-coding negative sentiment variables, which means we assume

that positive articles have either no impact or positive impact and that

negative articles have either zero or negative impact on public opinion.

Secondly, we require that the solution be sparse and contain no more

than one non-zero coefficient in each topic:

maximize
β

r2(µ, β, F )

subject to βkjs ≥ 0,∀k, j, s

‖βk,·,·‖0 ≤ 1,∀k

where r2(µ, β, F ) is the explained variance of µ fitted with (β, F ). The

l0-norm ‖βk,·,·‖0 gives the number of non-zero coefficients of topic k pre-

dictors.

The solution varies with the number of topics we let the model use

for fitting. As shown in Table 2, if we allow fitting with only one topic,

we find that sentiment on Chinese culture has the most explanatory

power, accounting for 31.2% of the variance in public opinion. We run

a greedy strategy to add additional topics that yield the greatest in-

crease in explanatory power, resulting in eight nested models (Table 2).

The explanatory power of our models increases monotonically with the

number of allowed topics but reaches a saturation point at which the

marginal increase in variance explained per topics decreases after only

two topics are introduced (See Table 2). To strike a balance between sim-

plicity and explanatory power, we use the top two predictors, which are

the positive sentiment of culture and the negative sentiment of democ-

racy in the previous year, to build a linear predictor of public opinion
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that can be written as:

µt = −0.791 + 3.112Fculture,t−1,positive + 1.452Fdemocracy,t−1,negative, (2)

where Fculture,t−1,positive is the yearly fraction of positive articles on Chi-

nese culture in year t− 1 and Fdemocracy,t−1,negative is the yearly fraction

of negative articles on Chinese democracy in year t − 1. This formula

explains 53.9% of the variance of public opinion in the time series. For

example, in 1993 53.9% of the articles on culture had positive senti-

ment, and 44.2% of the articles on democracy had negative sentiment

(Fculture,1993,positive = 0.539, Fdemocracy,1993,negative = −0.442). Substituting

those numbers into Equ 2 predicts public opinion in the next year (1994)

to be 0.236, very close to the actual level of public opinion (0.218) (Fig-

ure 4).

Discussion

By analyzing a corpus 267,907 articles from The New York Times with

BERT, a state-of-the-art natural language processing model, we identify

major shifts in media sentiment towards China across eight topic do-

mains over 50 years and find that media sentiment leads public opin-

ion. Our results show that the reporting of The New York Times on

culture and democracy in one year explains 53.9% of the variation in

public opinion on China in the next. Our analysis is neither conclu-

sive nor causal, but it is suggestive. The story that we draw from our

results is that elite media sentiment on China predicts public opinion

on China. There are a number of potential factors that may complicate

this story. We do not consider intermediary processes through which
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opinion from elite media percolates to the masses below. Our results

are best interpreted as a “reduced-form” description of the overall rela-

tionship between media sentiment and public opinion towards China.

Though The New York Times might be biased, and it might have a par-

ticular bias to how it covers China, the paper’s ideological slant does

not affect our work explaining the trends in public opinion of China as

long as the relevant biases are consistent over the time period covered

by our analyses.

In addition to those specified above, a number of possible extensions

of our work remain ripe targets for further research. Though a fully

causal model of our text analysis pipeline may prove elusive [20], future

work may use randomized vignettes to further our understanding of

the causal effects of the exposure to media on attitudes towards China.

Secondly, our modeling framework is deliberately simplified. The state

affects news coverage before news ever makes its way to the citizenry. It

is plausible that multiple state-level actors may bypass the media and

alter public opinion directly and to different ends. For example, the ac-

tions and opinions of individual US high-profiled politicians may atten-

uate or exaggerate the impact of state-level tension on public sentiment

toward China. There are presumably a whole host of intermediary pro-

cesses through which opinion from elite media on high percolates to the

masses below. Thirdly, the relationship between the sentiment of The

New York Times and public opinion may be very different for hot-button

social issues of first-line importance in the American culture wars. In

our corpus, The New York Times has covered globalization almost en-

tirely positively, but the 2016 election of President Donald J. Trump

suggests that many Americans do not share the zeal of The Times for
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international commerce. We also plan to extend our measure of me-

dia sentiment to include text from other newspapers. The Guardian, a

similarly elite, Anglophonic, and left-leaning paper, will make for a use-

ful comparison case. Finally, our analysis was launched in the midst

of heightened tensions between the US and China and concluded right

before the outbreak of a global pandemic. Many things have changed

since COVID-19. Returning to our analysis with an additional year or

two of data will almost certainly provide new results of additional inter-

est.
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Methods

New York Times data

The New York Times data were accessed using official online APIs. We

use The New York Times query API to search for 267,907 articles from

The New York Times that mention the keywords China, Chinese, Beijing,

Peking, or Shanghai.

Topics

We use eight predefined topics to segment content from The New York

Times: Ideology, Government & Administration, Democracy, Economic

Development, Marketization, Welfare & Well-being, Globalization, and

Culture.

Ideology includes topics and terms related political thought and po-

litical systems, such as socialism, communism, and Marxism and the

thinking of major figures in Chinese politics like Mao Zedong, Deng

Xiaoping, Jiang Zemin, Hu Jintao, Xi Jinping, Karl Marx, Stalin, and

Lenin. It also covers the many slogans of the Chinese Communist Party,

such as “Socialism with Chinese Characteristics”, “Three Represents

(San Ge Dai Biao)”, and “Scientific Concept of Development (Ke Xue Fa

Zhan Guan)”.

Government & Administration articles cover how the Chinese state

performs public administration, including the measures, policies, laws,

institutions, rules taken or made by State Council and Ministries. This

includes, for example, Hukou registration, migrant management, family

planning, and changes in the departmental leaders or other officials.

Articles related to the military are also lumped into this topic.
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Democracy covers voting, village elections, freedom of speech, be-

havioral controls, local government autonomy, and the centralization

or decentralization of power. Democracy also includes any mention of

the Chinese state’s censorship apparatus, commonly referred to as the

Great Firewall of China, and tensions in Taiwan, Xinjiang, or Tibet.

Economic Development relates to economic growth, infrastructure in-

vestment, business development, industrial structure, and changes in

GDP.

Marketization reflects howmuch industrial decision making in China

is guided by market forces instead of the Chinese state. State interven-

tion in the Chinese market and government encouragement of private

business or market competition are considered examples of marketiza-

tion. We restrict this topic to articles that exclusively discuss China’s

domestic market and put all articles about international trade under

Globalization.

Welfare & Well-being relates to the living standards of ordinary Chi-

nese people and the Chinese state’s actions to improve or otherwise

change the material or mental conditions of its citizens. Discussions

of China’s poverty relief policy (“Jing Zhun Fu Pin”), protection of the

elderly, education-related investment, disease control, and daily life in

China all fall under this topic.

Articles about Globalization discuss how China and the Chinese peo-

ple are connected to or otherwise involved with the rest of the world.

Positive articles on this topic mention, for example, Chinese students

studying abroad, launching the Thousand Talents Program (“Qian Ren

Ji Hua”) to entice scientists to work in China, and the One Belt One

Road Initiative. Negative articles on globalization discuss the spread of
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SARS and other diseases, copyright infringement, and restrictions on

foreign business or foreigners living in China.

Culture includes sports, music, movies, literature, art, architecture,

food, and museums about China.

Media sentiment annotation and extraction

Media sentiment is defined as perceived sentiment, i.e., asking if an

article would make a typical American reader view China more or less

favorably. For each of eight possible topics mentioned in an article, we

assign a sentiment label: strongly positive, neutral, or strongly negative.

Weak sentiments are considered neutral, and most articles typically

cover 3 to 4 topics.

We extract media attitudes from our data with a three-stage proce-

dure. Firstly, all authors read and labelled 42 representative articles to

create a golden standard for our labeling criteria. We then used these

articles to train two undergraduate students to read and annotate an

additional 712 articles. Finally, we use Bidirectional Encoder Represen-

tations from Transformers (BERT) [18], a natural language processing

model, to learn from the tagged text and classify the rest of the articles in

our sample. We started with BERT’s pre-trained 12-layer uncased neu-

ral network, fine-tuned it with 873 hand-labeled, and used the tuned

model to predict the sentiments of the full sample of 267,907 articles.

We built two BERT classifiers for each topic, an “assignment” classi-

fier to evaluate whether a sentence expresses positive or negative senti-

ment in terms of this topic, and a “sentiment” classifier to distinguish

positive and negative sentiments. The two classifiers are evaluated by

AUC (Area Under the Received Operating Characteristic Curve) because
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the both face data imbalance. The assignment classifier deals with

much more articles labeled as neutral / irrelevant than those labeled as

positive or negative. The sentiment classifier deals much more articles

with the dominating tone (e.g., negative articles in democracy, positive

articles in culture) than those with the dominated tone. The sentence

assignment and sentiment accuracy ranges between 59% to 99% across

topics.

The article prediction is based on sentence prediction results. Arti-

cle sentiment identification accuracy is measured by the percentage of

correctly labeled articles in each topic.

Survey data

Survey data were obtained from three large archives, namely Roper

Center for Public Opinion Research (ROPER), the National Opinion Re-

search Center (NORC), and Inter-university Consortium for Political and

Social Research (ICPSR). We collected 101 cross-sectional surveys, ad-

ministered by 10 organizations, by searching for questionnaires with

three criteria: (1) The questionnaires measured general attitude toward

China, rather than specific attitude toward Chinese people and gov-

ernment etc; (2) The questionnaires targeted at the entire U.S. popula-

tion, rather than regional polls; (3) The questionnaires were surveyed

for at least two years. The last criterion came from the algorithmic re-

quirement to align various surveys. The surveys asked a representative

American population simple questions about how they felt about China,

in binary options like positive and negative, or out of 1 of 4 or 10 scales.

We develop a probabilistic model to aggregate surveys with various

scales. The model assumes that each survey provides unbiased sample
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observation of a hidden ground truth public opinion µt in every year

t. The sample is a subset of population satisfying i.i.d. condition, that

each individual i has a hidden real-valued true attitude y∗it toward China

in year t,

y∗it = µt + ηit, (3)

where ηit ∼ N(0, 1) is a normally distributed idiosyncratic error of indi-

vidual i away from the population mean µt.

Responding a survey q is actually a measurement that “discretize”

an real-valued individual y∗it to an integer response yitq, satisfying

yitq =



1 if y∗it ∈ (−∞, τq1]

2 if y∗it ∈ (τq1, τq2]

· · ·

Kq if y∗it ∈ (τq,Kq ,+∞)

(4)

where survey-specific parameters τq,Kq
define attitude ranges [τq0 = −∞, τq1, . . . , τqKq

=

+∞] that partition continuous attitude y∗it into categorical responses yitq

with Kq mutually exclusive ordered values. Here we assume that for

any given survey, the level of response scales are understood consis-

tently by all respondents, regardless of the time of the interview. There-

fore survey-specific parameters τq,· are assumed to be independent from

time.

Combining Equ 3 and Equ 4 predicts

yitq = k ⇔ τq,k−1 − µt < ηit ≤ τq,k − µt. (5)
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Equation 5 suggests that the individual’s idiosyncrasies can be ex-

pressed as differences between the threshold and the sample mean.

Note that we assume the population mean µt and individual attitude y∗it

are shared by all surveys, i.e., they do not vary across surveys, though

the measurements yitq could be different.

Now we are able to write down the probability an individual i re-

sponding yitq = k in the form of ηit,

Pr (yitq = k) = Pr (τq,k−1 − µt < ηit ≤ τq,k − µt)

= Φ(τq,k − µt)− Φ(τq,k−1 − µt),

where Φ(z) is the cumulative density functions of normal distribution.

The unknown parameters τ , µ, η are estimated by maximizing the

joint likelihood L,

L =
∏
q

∏
t∈[1,lq ]

∏
k∈[1,Kq ]

Pr(yitq = k)Nqtk

=
∏
q

∏
t∈[1,lq ]

∏
k∈[1,Kq ]

(Φ(τq,k − µt)− Φ(τq,k−1 − µt))Nqtk ,

(6)

where Nqtk =
∑
i I(yitq = k) is the number of individuals responding k to

survey q in year t.

Note that L is translation invariant,

L(τ, µ, η) = L(τ + c, µ+ c, η + c),∀τ, µ, η, constant c,

Equation 6 has an infinite number of parallel optimal solutions by find-

ing any single solution (τ̂ , µ̂, η̂) and adding an arbitrary constant c. There-
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fore we need to manually fix the value of one parameter in (τ̂ , µ̂, η̂) to

avoid infinitely parallel solutions. Without loss of generality, in practice

µ of the first year of the data (1974) is set to 0. This will not affect the

estimated trend except a constant shift. Our estimation turns out a

constrained optimization problem as follows,

max
τ,µ,η

∏
q

∏
t∈[1,lq ]

∏
k∈[1,Kq ]

(Φ(τq,k − µt)− Φ(τq,k−1 − µt))Nqtk

s.t. µ1974 = 0

(7)

A key to solving Equ 7 with multiple surveys relies on an assumption

that µt does not vary across surveys,

µt,q=1 = µt,q=2 = · · · = µt.

In fact, µt propagates the information between surveys to properly

anchor their thresholds τ . Two surveys can be anchored only when

they have at least one overlapping year. If two surveys q and q′ does

not overlap in any year, Equ 6 can be split into two terms, covering the

years of survey q and the years of survey q′ respectively. Setting µ0 = 0

(without loss of generality let us assume q covers the first year) does not

help exclude infinite maxima of the term of the years of q′, and there

would be an infinite number of equally good solutions differing only a

constant in all parameters of q′. To overcome this issue, we need to

further manually specify the value of one parameter in (τ̂ , µ̂, η̂) related

with q′. For example, we may choose to specify any µ in the years of q′.

However, the arbitrariness in selecting such a parameter and its value

makes it unreliable to comapre the values of µ of survey q and those of
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survey q′.

Next we introduce the requirement of connected surveys to anchor

multiple surveys. Starting with a collections of distinct surveys, we con-

struct an undirected network of surveys by connect every pair of surveys

if they overlap for at least one year. Our model works for a subset of sur-

veys in which any two surveys are directly or indirectly connected, i.e., a

path exists on this network between them. For a group of connected sur-

veys, it is sufficient to specify the value of only one parameter (e.g., µ0)

to train on all survey observations and produce comparable estimates

of yearly attitudes.

Empirical estimate of the public opinion is a series of attitudes span-

ning between 1974 - 2019, with a single float number to represent the

public attitude in every year. The estimate is performed on informa-

tion from 101 cross-sectional public opinion surveys. We constructed

13 time-series variables based on the survey organizations, question

wording and response categories. Questionnaires surveyed in different

years are categorized as the same series if they are administered by the

same organization, have the exact wording and response categories. As

a result, questionnaires that administered by the same survey organi-

zation but have different response category are classified as different

series (such as GALLUP_4 and GALLUP_10). Every year with a positive

value showed a more favorable attitude than that in 1974, not neces-

sarily meaning there were more respondents holding positive attitude

than negative. Similarly, every year with a negative value showed a less

favorable attitude than that in 1974 (Figure 4).
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Fitting public attitudes

We run a linear regression model to select the most important topic from

media sentiment to predict the public opinion. The dependent variable

is the yearly public opinion, with each year as an observation. The in-

dependent variables include the average yearly volume and fraction of

positive and negative reports on each of eight topics, in the same year

and each of the previous 5 years. We also list their first order deriva-

tives as independent variables, e.g., the difference in the average yearly

fraction of positive reports on one topic between the current year and

the previous year. The goodness-of-fit is measured by the variance of

the dependent variable explained by the independent variables. To find

out a core set of independent variables with the best explanatory abil-

ity, we search with a greedy strategy. First we run a bivariate linear

regression that regresses the dependent variable on every single inde-

pendent variable v, and choose an independent variable v0 with a maxi-

mal explained variance of the dependent variable. Then we continue to

select the second important independent variable by running a linear

regression that regresses the dependent variable on two independent

variables, i.e. a combination of v0 and every other independent variable

v. And we choose an independent variable v1 that {v0, v1} together pro-

vide a maximal explained variance of the dependent variable. Iteratively

inserting independent variables to this selection results in a suboptimal

solution of best predictors. In practice, we end up with two independent

variables with the favor of simple models.
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Tables and Figures

Table 1: Accurately quantifying media sentiment. Media article sen-
timent accuracy is measured by the percentage of correctly labeled ar-
ticles (positive, negative, neutral/irrelevant) in each topic. Sentence as-
signment accuracy is measured as AUC (Area under ROC curve) on each
sentence by a binary classifier (positive/negative vs neutral/irrelevant).
Sentence sentiment accuracy is measured AUC on each sentence by a
binary classifier (positive vs negative).

Article Sentence Sentence
sentiment assignment sentiment

Ideology 92.31% 94.11% 90.42%
Government 65.10% 95.62% 78.06%
Administration
Democracy 76.12% 95.66% 77.47%
Economic development 91.45% 94.94% 79.94%
Marketization 95.89% 96.89% 74.87%
Welfare 91.89% 94.51% 73.23%
well-being
Globalization 75.79% 93.32% 80.71%
Culture 82.58% 89.99% 73.47%
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Figure 1: Public opinion of Americans toward China. This time series
is aggregated from 101 cross-sectional surveys from 1974 to 2019 that
asked relevant questions about attitudes toward China, ranging from
-100% to 100% with the year of 1974 as the baseline. Years above zero
show a more favorable attitude than that in 1974, with a peak of 73%
in 1987. Years below zero show a less favorable attitude than that in
1974, with a lowest level of -24% in 1976.
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Figure 2: Topic-specific yearly volume of The New York Times arti-
cles with sentiment on China from 1970 to 2019. In each year we
report in each topic the number of positive and negative articles, while
ignoring neutral/irrelevant articles. The media have consistently high
attention on reporting China government & administration, democracy,
globalization, and culture. There are emerging interests on China’s eco-
nomics, marketization, and welfare & well-being since 1990s. Note that
the sum of the stacks does not equal to the total volume of articles about
China, because each article may express sentiment in none or multiple
topics.
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Figure 3: Sentiments on The New York Times on China in eight top-
ics from 1970 to 2019. Each panel reports the trend of yearly media
attitude toward China in each of eight domains since 1970. The media
attitude is measured as the percentages of positive articles and negative
articles respectively. US-China relation milestones are marked as gray
dots. New York Times express diverging but consistent attitudes in the
eight domains, with negative articles consistently common in ideology,
government, democracy, and welfare, and positive sentiments common
in economic, globalization and culture.
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Figure 4: Regressing public opinion of Americans toward China on
The New York Times sentiments. The public opinion (solid), as a time
series, is well fitted by the media sentiments on two selected topics,
namely Culture and Democracy, in the previous year. The dash line
shows a linear prediction based on the fractions of positive articles on
Culture and negative articles on Democracy in the previous year.
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