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A natural starting point in the study of political media bias has been to examine differences in coverage
intensity. This study develops a notion of quotation accuracy as a dimension of media slant. Using natural
language processing (NLP), I operationalize three measures of quotation accuracy—substring alignment,
bag-of-words overlap, and a two-stage transformer-based semantic measure. I combine the measures
with applied econometrics to analyze coverage of parliamentary speeches in Singapore’s flagship daily
newspaper, a setting where coverage intensity shows no slant. Across all three measures, opposition
speeches are quoted less accurately than those of the ruling party, demonstrating accuracy as a crucial
yet underappreciated dimension of slant. NLP and machine learning features, and bounding analyses rule
out competing explanations such as topical composition, ignorable tokens, or linguistic coherence. I then
contextualize the findings in the government-media machinery, where transcript circulations (or lack
thereof) could explain lapses in quotation accuracy. I theorize that these partisan differences in media
engagement embed private information about slant.

CCS Concepts: • Computing methodologies→ Natural language processing; Information extrac-
tion; Causal reasoning and diagnostics; • Applied computing→ Law, social and behavioral sciences;
• Social and professional topics→ Governmental regulations.
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Transformers, Singapore, Applied Econometrics, Parliamentary Speeches

1 Introduction1

In an age where the media is omnipresent and shapes public opinion [9, 11, 26, 45, 46, 71] and2

electoral outcomes [1, 13, 18, 21, 25, 28, 33, 53], detecting political biases of the media has never3

been more pressing. Quantifying media bias is challenging because editorial decisions that shape4

what and how stories are covered are invisible to news consumers. One common starting point in5

detecting media bias has been to examine coverage intensity [44, 59–61, 63], but such measures6

overlook subtler forms of (mis)representation that occur through quotations of politicians. More-7

over, intensity-based measures are less useful when the media is cognizant of the metric’s public8

scrutiny. This study considers a notion of coverage accuracy, offering traction in contexts where9

intensity-based measures reveal no bias and, more generally, serves as a gauge of reliability.10
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To examine richer forms of media bias, research has increasingly turned to natural language11

processing (NLP) and text processing techniques [30, 37, 54, 56, 73]. These computational methods12

quantify bias by detecting systematic differences in language use, sentiment, and framing that13

typically elude human readers [51, 73]. Still, a computational application often overlooked concerns14

coverage accuracy—are certain politicians quoted more accurately than others?15

Accuracy matters because distortions can subtly expose readers to a version of reality that differs16

from the source [20, 34, 56]. Direct quotes carry significant weight as they are perceived as more17

authoritative and credible than paraphrased reports or summaries [20, 34]. A concrete example18

from the sample is the quote, “the alternative will be too painful to bear,” which originated from19

the speech20

. . . So, let us not take our harmonious social fabric for granted because the alternative21

may be too painful to endure. This is one pillar of success that we must continue to22

invest in. . .23

Though the quote and its originating substring look reasonably similar, the quote uses will be24

where the speech uses may be—a subtle modulation in assertiveness. Even such minor differences25

misrepresent a politician’s stance and, when repeated over time, might distort political dialogue26

and sway public discourse in the political process [1, 9, 11, 13, 18, 18, 21, 25, 26, 33, 45, 46, 53, 71,27

71, 73, 80].28

The main computational problem in this study is to quantify quotation accuracy using NLP29

by comparing media quotations with their original speeches. I consider three complementary30

measures: two lexical and one semantic. First, the substring accuracy metric identifies the longest31

continuous sequence of matchingwords between the speech and the quote, reflecting how faithfully32

specific speech excerpts are reproduced. Second, the bag-of-words accuracy metric ignores word33

order and focuses on the proportion of overlapping words, enabling flexible comparisons of textual34

content even when the same content is paraphrased [47]. The third metric measures semantic35

alignment, where I use a two-stage transformer model based on a retrieval-reranking pipeline to36

measure how well the speech semantically supports the quote [43, 47, 52, 57, 65]. Together, these37

measures represent the first systematic application of modern retrieval and matching techniques38

to the problem of quotation fidelity in political reporting.39

The extent of verbatim and semantic alignment between a quote and its speech constitutes40

quotation accuracy. In turn, systematic partisan differences in quotation accuracy constitute41

political media slant. I apply these accuracy measures to Singapore’s flagship daily, where I find no42

partisan differences in coverage intensity. To estimate partisan differences in accuracy, I regress the43

quotation accuracy measures on an opposition indicator using ordinary least squares. I use NLP and44

machine learning (ML) to engineer linguistic features as controls. First, unsupervised topic models45



recover issue domains (e.g., climate or crime), ruling out partisan gaps driven by topic ownership.46

Second, I recompute the verbatim accuracy measures after removing stopwords to mitigate the47

possibility that partisan gaps arise from ignorable tokens and their usage. Third, I add controls for48

linguistic coherence, competency, and tone. To further address endogeneity bias, I use two bounding49

analyses (Section 5). Overall, the partisan gap in accuracy remains robust to these controls. This50

integration of NLP-based accuracy scoring with econometric methods bridges computational51

methods and statistical inference, with the analyses uncovering a previously undetected dimension52

of slant in an ostensibly neutral media system.53

Finally, drawing on qualitative interviews, I connect the empirical findings to the real-world54

media-politician dynamic. From these insights, the observed partisan gap in accuracy may not stem55

from a deliberate editorial slant but from logistical asymmetries, in which early pre-circulation of56

speech transcripts is mainly exercised by the ruling party. However, I theorize that this logistical57

asymmetry nonetheless embeds privately-held information about the existence of media bias.58

2 Background59

2.1 Political Background60

Singapore has a unicameral parliament based on the Westminster system. Each parliament has a61

maximum term of five years, after which a general election is held using plurality voting.62

Group and Single-Member Constituencies. Since the late 1980s, most parliament seats have been63

contested under group representation,1where voters in each group constituency vote for a group64

of candidates instead of any single candidate.2 Groups comprise 3 to 6 candidates, with at least65

one from a minority ethnic group. I account for group size and ethnicity in the analyses.66

Non-Elected Members of Parliament. By the early 1990s, two additional schemes were introduced.67

The Non-Constituency Member of Parliament scheme awards seats to the best-performing opposi-68

tion candidates who lost. The Nominated Member of Parliament scheme appoints non-partisan69

members through a selection committee. Both types are accounted for in the models.70

Political Dominance of the Ruling Party. The People’s Action Party has dominated Singapore’s71

politics as the governing party since 1959, facing little opposition. The 2011 election, however,72

marked a turning point. For the first time, an opposition party, the Workers’ Party, won a group73

constituency en route to winning 6 of 87 seats. They secured the group with a 9.4% margin and74

a geographically adjacent single-member constituency by 29.6%. The 2005–2016 sample thus75

coincides with this political shift. Accordingly, this study focuses on the ruling-versus-opposition76

difference [32, 76], in contrast to other contexts that emphasize left-right divides [30, 37].77

1Also known as multi-member districts elsewhere.
2For instance, in the 2011 general election, only 12 of the 87 parliament seats were contested as single members.



Fig. 1. Summary of pipeline to measure partisan coverage gap.

2.2 Mainstream Media78

Mainstream media here primarily refers to daily newspapers, with The Straits Times standing out79

as Singapore’s flagship daily. Owned by Singapore Press Holdings (SPH), it commands the largest80

readership, far exceeding that of other local dailies (Table A2) and is therefore the primary media81

of focus in this study.82

The ruling party’s dominance (Section 2.1) has allowed it to set media regulations. For instance,83

the Newspaper and Printing Presses Act (NPPA) requires that no newspaper be printed or published84

without a permit. Newspaper companies must be publicly listed with two classes of shares: ordinary85

and management. Holders of management shares are entitled to 200 votes compared to the one vote86

per ordinary shareholder [70]. These shares can only be transferred with government approval,87

creating perceptions of government-vetted nominees.388

SPH is publicly listed, with management shares held mainly by financial institutions and individ-89

uals with government ties [32]. Thus, while SPH is publicly listed, the NPPA enabled government90

influence over key appointments [32]. Moreover, trusted figures from state institutions have often91

held senior management and editorial leadership roles, including editor-in-chief, at The Straits92

Times [32]. This regulatory and ownership structure raises questions about whether profit max-93

imization and media neutrality are compromised by ideological alignment [3, 8, 23, 32, 68]. It94

suggests that the media, while outwardly neutral and profit-driven, may reflect political connec-95

tions and regulatory constraints that shape slant [32].96



3 Methods97

3.1 News and Speech Corpora98

For The Straits Times news articles, I query Factiva using the names of politicians who served in99

parliament from 2005 to 2016. This period, spanning 12 years and four parliaments, including two100

full terms, encompasses the landmark 2011 election (Section 2.1) and offers a continuous window101

for examining quotation fidelity across a major turning point in Singapore’s parliamentary politics.102

The query returns 62,132 unique news articles (title–date tuples) that mention at least one active103

politician during this period. Parliamentary transcripts are obtained from the Hansard repository,104

from which I automatically extract speaker–speech segments by parsing HTML tags (Appendix A).105

3.2 Classification of Relevant Articles106

Of the 62,132 articles containing mentions of the politicians, only a fraction contain relevant direct107

quotations from parliamentary speeches. To identify these, I train a random forest model on an108

initial training set of 1,419 manually labeled articles to predict which articles contain quotations109

from parliament. Each article is vectorized using𝑛-grams (𝑛 = 1 to 5), supplemented with indicators110

for quotation marks and context-specific (e.g., parliament, bill, budget, debate, GRC). To address111

class imbalance, I apply weighted penalties to misclassifications of the minority class (articles with112

quotations). The model achieves 83% recall and 70% precision, yielding 3,421 articles (5.5% of the113

total) with at least one quotation from a parliamentary speech.114

3.3 MatchingQuotes to Speeches115

Quotes are strings within single or double inverted commas or strings after speech colons. From
the 3,421 identified articles, I extract quotations and match each to its originating parliamentary
speech. Let 𝑓 be the Ratcliff-Obershelp edit distance metric. For a quote 𝑞 and a set of speeches
𝑆 = {𝑠1, . . . , 𝑠𝐿}, the matched speech is 𝑠∗ ∈ 𝑆 which satisfies:

𝑠∗ = argmax
𝑠ℓ

{
F1(𝑞, 𝑠ℓ )

��� 𝑠ℓ ∈ {𝑠1, . . . , 𝑠𝐿}} ,
where F1 is a composite function of 𝑓 and is the substring accuracy measure (Equation (1)) defined116

in the following subsection.4 This matching process yields 14,901 matched quote–speech pairs117

from 5,129 speeches by 204 politicians over 2005–2016.118

3This concept of separate share classes is not unique. The New York Times, for instance, has class B shares for family
owners with more voting power than class A shareholders.
4I manually oversee this matching by reviewing the best matches. Virtually all quotes are matched to a parliamentary
speech the day before the print. This is consistent with news being new and explains why I do not include a control for
the time gap between speeches and media pieces. Please see Niculae et al. for a better workflow to match quotes to
speeches at scale [56].



3.4 SubstringQuote Accuracy119

The first measure, substring accuracy, scores accuracy according to the quote-length substring120

in the speech that best matches the quote. This substring measure merely formalizes how direct121

quotations work. If a quote is verbatim, there should be a quote-length substring in the speech122

that perfectly matches the quote (perfect score of 100).5 Even if the quote is not verbatim, there123

should still be a quote-length substring in the speech that closely matches the quote.124

Let 𝑞 be the shorter string and 𝑠 be the longer string, with lengths𝑚 and 𝑛, respectively. The125

substring accuracy locates the𝑚-length substring within 𝑠 that best matches 𝑞, scoring accuracy126

by this best partial match. Formally, the substring accuracy measure is:127

F1(𝑞, 𝑠) = max
𝑖

{
𝑓
(
𝑞, 𝑠 (𝑖:𝑖+𝑚−1)

) ��� 𝑖 ∈ {1, . . . , 𝑛 −𝑚 + 1}}. (1)

The subscript (𝑖 : 𝑖 +𝑚 − 1) indicates the location of the substring of length𝑚. F1 goes from 0128

to 100, increasing in accuracy. Concretely, if 𝑞 = “a fundamental relook” (20-character long) and129

the originating speech is 𝑠 = “. . . is taking a more fundamental relook at this regulation framework130

and see how best we can support this strategy . . . ”, the measure searches all possible 20-character131

substrings in 𝑠 that best matches 𝑞, which is [mor]“e fundamental relook”, and then computes the132

edit distance between “a fundamental relook” and “e fundamental relook”. This score forms the133

quotation accuracy score between the quote 𝑞 and the speech 𝑠 . Table 1 provides further examples.134

3.5 Bag-of-WordsQuote Accuracy135

A different concern arises when quotes have words taken from other parts of the same speech, or136

when word order is not preserved. A concrete example is the quote “. . . can afford their education137

in a public university” from the speech “. . . can afford to attend Government-funded universities . . . .”138

Here, misquotation arises because “Government-funded” is replaced by “public university”, a term139

used elsewhere in the same speech that otherwise has the same meaning in context.140

To allow an accuracy score that is forgiving of such cases, I define a second quote-accuracy141

measure: bag-of-words (BoW) accuracy. This measure is more tolerant of reordered or substituted142

phrases within the same speech that potentially retain equivalent meaning. I first define a new143

(third) string 𝑐 = 𝑞 ∩ 𝑠 (with a slight abuse of notation) as the string containing words common to144

both 𝑞 and 𝑠 . Sorting the strings alphabetically yields 𝑞, 𝑠̃ , and 𝑐̃ . The BoW accuracy score is then145

the maximum over all paired combinations of these strings:146

F2(𝑞, 𝑠) = max
{
𝑓 (𝑞, 𝑠̃) , 𝑓 (𝑞, 𝑐̃) , 𝑓 (̃𝑠, 𝑐̃)

}
. (2)

5Discounting punctuations that cannot be heard directly. I remove punctuations in preprocessing, as is standard.



Table 1. Examples of Quotes, Speeches, and Accuracy

Quote-speech pair Accuracy score

Quote Originating parliamentary speech Substring BoW Semantic

a fundamental relook . . . is taking a more fundamental relook at this regulation framework
and see how best we can support this strategy. . .

95 100 96

there will be a need for us to make sure
we have regular fare increases of the
right quantum

. . . So therewill be a need for us tomake sure that we have regular
fare increases of the right quantum. . .

95 100 100

likely to go back down the slippery
slope

. . . considering that some of them may be drop-outs or expelled from
school, they are likely to go back down the slippery road . . .

90 92 99

core Singapore values . . . Rather it is an acknowledgement that the core Singaporean values
of multi-racialism and meritocracy can and should co-exist with each
other. . .

90 100 99

resilience in response to ground reac-
tion

. . . commended the PAP’s resilience in response to the ground’s re-
action after the election, and I said this augurs well for Singapore. . .

85 91 100

too employer-focused . . . and increase in absentee payroll are rather employer-focused. . . 85 89 99

the alternative will be too painful to
bear

. . . So, let us not take our harmonious social fabric for granted because
the alternative may be too painful to endure. . . .

84 75 0

That is the purpose of these amend-
ments

. . . That is in fact one of the purposes of this amendment which we
are bringing to Parliament. . .

80 100 95

deviates from the concept of freemarket . . . this Bill deviates from the idea of the concept of a free market,
where supply of services by companies is set by market demand . . .

80 100 100

the high end . . .we noted that the rates were at a higher end, but we had the rates
that were charged . . .

75 74 1

They (said) there are two purposes . . .They gave the reasons that they wanted the two budget hotels to
serve two purposes. . .

75 88 100

look them in the eye . . . I want to be able to look these men and others in the eyes and
say to them. . .

70 89 4

to help ensure all Singaporeans can af-
ford their education in a public univer-
sity

. . .To ensure that all Singaporeans can afford to attend
Government-funded universities. . .

70 100 100

temporary or permanent solutions for
this important issue

. . . to propose certain solutions, whether temporary or permanent, to
help resolve this, to me, a very important issue. . .

65 100 93

completely unwarranted, alarmist, and
show fundamental lack of understand-
ing about the law

. . . I would venture to suggest that such statements are alarmist and
reveal a fundamental misunderstanding as to what this Bill and
the law is all about. . .

65 84 97

Besides edits for syntactic flow and grammatical demands, the BoW accuracy measure is more147

forgiving when the quote is not verbatim (Table 1). This could occur because of genuine lapses in148

the reporting journalist’s attention or because the transcript contains a slightly different version149

of the speech.6150

6As is customary, the computations remove punctuations and normalize all strings to lowercase (since punctuations
and casings can neither be seen nor heard in a speech).



Fig. 2. Two-stage quote-to-speech semantic scoring.

3.6 SemanticQuote Accuracy151

A third measure assesses whether a quote 𝑞 semantically conveys the meaning of its originating152

speech 𝑠 . I compute this using a two-stage transformer pipeline for candidate-passage retrieval153

and reranking [43, 47, 52, 57, 65].154

Specifically, in the first stage, speeches are split into sentences S = {sentℓ }𝐿ℓ=1 (Figure 2). Each155

sentence and quote is (separately) mapped into 768-dimensional L2-normalized embeddings using156

the MPNET-based sentence-BERT biencoder 𝑔, which is pre-trained for semantic textual similarity157

and retrieval with high recall (all-mpnet-base-v2, ∼109M parameters, [65, 72]). I then compute the158

cosine similarity, cos (𝑔(𝑞), 𝑔(sentℓ )), of the quote and sentence embeddings, retaining the top ten159

candidates as seed sentences for reranking in the second stage.160

Each candidate seed sentence at index ℓ is then expanded into a broader context window𝑤ℓ of
up to ten neighboring sentences [47], subject to the constraint that the (𝑞,𝑤ℓ ) pair remains within
the 512-token budget (including special tokens) of the cross-encoder model:

𝑤ℓ = concat
(
sentmax(1,ℓ−10) , . . . , sentmin(𝐿,ℓ+10)

)
.

I apply a cross-encoder ℎ pre-trained and fine-tuned on the Microsoft Machine Reading Compre-161

hension passage ranking task (ms-marco-MiniLM-L12-v2, ∼33.4M parameters, [6, 65, 66, 79]). Its162

joint encoding enables token-level interactions that yield more precise judgments of contextual163

relevance over the narrowed search space [43, 47, 57].7 The cross-encoder score is passed through164

a sigmoid layer 𝜎 , and rescaled to [0, 100] (for consistency with the substring and BoW scores).165

The final score is the max score from among the ten candidates:166

F3(𝑞, 𝑠) = max
{
𝜎
(
ℎ (𝑞,𝑤ℓ )

)}
. (3)

7The cross-encoder achieves near-state-of-the-art performance on MS MARCO passage reranking benchmarks with
MRR@10 of 39.02 on the MS MARCO development set and NDCG@10 of 74.31 on TREC DL 2019, outperforming a
comparable BERT-large model (nboost/pt-bert-large-msmarco: NDCG@10 = 73.36, MRR@10 = 36.48) and placing it at
the top of its peers according to official cross-encoder model benchmarks (while being ∼10𝑥 faster; https://web.archive.
org/web/20250702081837/https://huggingface.co/cross-encoder/ms-marco-MiniLM-L12-v2#performance).

https://web.archive.org/web/20250702081837/https://huggingface.co/cross-encoder/ms-marco-MiniLM-L12-v2#performance
https://web.archive.org/web/20250702081837/https://huggingface.co/cross-encoder/ms-marco-MiniLM-L12-v2#performance


3.7 Content of Parliamentary Speeches and News Articles167

To rule out coverage differences arising from underlying content differences, I apply a Latent168

Dirichlet Allocation (LDA, [12, 41, 64]) topic model, widely used in computational social science169

applications [77, 80]. With this, every parliament speech in the sample has a probabilistic asso-170

ciation with one of 𝐾 topics, where
∑
𝐾 𝜌𝑘 = 1 for each speech. The Dirichlet parameter 𝛼 is171

set to low values, consistent with the fact that parliamentary speeches typically have only one172

dominant topic. The topic association of quotes is derived from the parliamentary speech topic173

model. Similarly, I train a separate topic model for the news article corpus. I preprocess the text to174

allow for joint terms. Topic number𝐾 is determined by maximizing topic coherence [17], evaluated175

across models from 𝐾 = 2, 4, . . . , 100, favoring lower values. The selected models are 𝐾∗ = 92 for176

speeches and 𝐾∗ = 40 for articles. Examples of topics (top five words per topic) learned from the177

speech corpus include:178

(1) 〈cpf, retirement, minimum_sum, saving, cpf_saving〉179

(2) 〈police, home_team, officer, crime, inquiry〉180

(3) 〈premium, medishield_life, medishield, insurance, insurer〉181

(4) 〈student, school, learn, education, teacher〉182

(5) 〈fare, bus, public_transport, commuter, operator〉183

(6) 〈sport, athlete, community, youth, sports〉184

3.8 Additional Linguistic Measures185

To further adjust for linguistic differences between politicians (Section 4.4), I considermeasures of (i)186

objectivity, (ii) polarity, (iii) readability, and (iv) lexical richness. I compute objectivity and polarity187

measures for speeches using the Pattern sentiment analyzer (Python package TextBlob), which188

uses part-of-speech tagging. The readability measures (Python package textatistic [39]) are189

weighted averages of three textual information: (i) average words per sentence, (ii) average syllables190

per word, and (iii) the fraction of text made up of polysyllabic (three or more syllables) words—191

with readability decreasing in each of them. Lexical richness (Python package lexicalrichness)192

proxies for language sophistication, measured by the share of unique words—the higher this share,193

the richer the language [68, 69].194

3.9 Dataset Statistics195

The final dataset comprises 14,901 quote-speech pairs from 5,129 parliamentary speeches by 204196

politicians (16 opposition, 44 non-partisan, 144 ruling party; Section 2.1) appearing in 3,421 articles197

over 2005–2016 (Appendix A). On average, quotes are 21 words long (standard deviation [SD]198

39), with speeches 2,096 words long (SD 1,809), and 4.4 quotes per article (SD 3.1). The average199



quotation accuracy based on the three measures is: substring accuracy mean 91.5 (SD 12.8), BoW200

accuracy mean 96.7 (SD 10.2), and semantic accuracy mean 89.9 (SD 26.8). The 204 politicians201

include 47 women (23%), though female politicians account for a smaller share of coverage (17% of202

the quotes in the sample). Politicians average 49 years old (SD 8.3) with 7.5 years of tenure (SD203

8.0).204

4 Results205

4.1 Detecting Partisan Gaps in Coverage206

To estimate differences in coverage between politicians of the ruling and opposition parties, I207

estimate the ordinary least squares (OLS) model:208

𝑦𝑖𝑞𝑟𝑠𝑡 = 𝛼 + 𝛽 𝑜𝑝𝑝𝑖 +
2016∑
𝑘=2006

𝛼𝑘 𝑦𝑒𝑎𝑟𝑘𝑡 +
13∑
ℓ=11

𝛼ℓ 𝑝𝑎𝑟𝑙ℓ𝑡 +𝜸 ′𝑿𝑖𝑞𝑟𝑠𝑡 + 𝜀𝑖𝑞𝑟𝑠𝑡 , (4)

where 𝑦𝑖𝑞𝑟𝑠𝑡 is one of the three accuracy measures (Sections 3.4 to 3.6) for politician 𝑖 , quote 𝑞 from209

speech 𝑠 reported in article 𝑟 at year 𝑡 . The coefficient of interest in 𝛽 , which captures the partisan210

gap in quotation accuracy between opposition (𝑜𝑝𝑝𝑖 = 1) and ruling-party (𝑜𝑝𝑝𝑖 = 0) politicians.211

Standard errors are clustered at news articles.212

𝛽 in Equation (4) does not carry an unambiguous causal interpretation since a candidate’s choice213

of party is unlikely orthogonal to potential media coverage. To partially address endogeneity,214

Equation (4) includes covariates (Table 2). First, Equation (4) holds year and parliament constant215

to adjust for trends in media consumption or newsroom operations. To adjust for individual-level216

heterogeneity, Equation (4) includes politicians’ gender and race, a quadratic in age and political217

tenure, and the interaction between politician type (e.g., minister or parliamentary secretary) and218

ministry portfolio (e.g., health or education). For news article controls, there are day-of-the-week219

dummies for variations in newsroom operations, news section (Table A3), a translation dummy220

for translated vernacular languages (as stated in the transcripts), and the (log of) speech, quote,221

and article word count. Finally, Equation (4) also adjusts for speech, quote, and article content222

(Section 3.7). A secondary model adjusts for election-related measures, including vote shares223

(Table 2), but for a smaller sample since some ruling-party politicians had walkovers (Section 2.1).224

4.2 Quotation Intensity225

Preliminary tabulations of the data by year suggest that opposition politicians in fact account for226

a larger share of quotations than their share of parliamentary seats (Figure C1a). For instance,227

in 2012, the opposition held 6 of 87 seats (6.9%) but accounted for 10.3% of the quotes. A similar228

pattern appears when aggregating by parliamentary term (Figure C1b).229



Table 2. Description of Control Variables

A. Individual controls
Gender Gender of politician 𝑖
Race Race of politician 𝑖 ∈ {Chinese, Indian, Malay, Eurasian/Others}
Age Age of politician 𝑖 at time 𝑡 of speech 𝑠 given
Tenure Political tenure of politician 𝑖 at time 𝑡 of speech 𝑠 given

B. Article controls
Day of week Dummies for article 𝑟 publication day of week ∈ {Mon, Tue, Wed, Thu, Fri, Sat, Sun}
Section Dummies for article 𝑟 ’s section ∈ {Singapore, Prime News, Top of the News, Home, ST, Insight, News,

Money, Think, Review - insight, Sports, Opinion, World, Others }
Translation Dummy for a translation from vernacular to English in speech 𝑠

C. Topic distributions
Speech topics Topic distribution for speech 𝑠 from model trained on speeches for 𝐾 = 92
Quote topics Topic distribution for quote 𝑞 from model trained on speeches for 𝐾 = 92
Article topics Topic distributions for article 𝑟 from model trained on articles for 𝐾 = 40

D. Ministerial controls
Type Ministerial type of politician 𝑖 at time 𝑡 of speech 𝑠 given
Portfolio Ministerial portfolio of politician 𝑖 at time 𝑡 of speech 𝑠 given

E. Electoral controls
Group size Number of politicians representing politician 𝑖’s constituency ∈ {1, 4, 5, 6}
Voters Number of eligible voters in politician 𝑖’s constituency
Votes (%) Percentage of votes for politician 𝑖’s constituency
Winner’s share (%) Percentage of valid votes for the winner in politician 𝑖’s constituency

To formally test for partisan differences in coverage intensity, I estimate a model similar to230

Equation (4) at the article-speech level, comparing the length of the quotes per news article231

on a given speech. The estimates suggest that opposition and ruling-party politicians receive232

comparable levels of coverage. If anything, opposition quotes are longer, though the difference is233

not statistically significant (Table C1).234

4.3 Quotation Accuracy235

Table 3 reports the results for partisan gaps in accuracy. Panel A reports the substring accuracy236

outcome measure, which reflects the verbatim fidelity. The estimates in Panel A suggest that, on av-237

erage, opposition politicians have quote snippets less accurate than those of ruling-party politicians.238

Panel B reports the bag-of-words accuracy measure, with the same conclusion–opposition quotes239

are less accurate. On average, opposition quotes have 1.4 to 2.1 points lower accuracy than ruling240

party quotes (10.7% to 21.0% of the standard deviations in accuracy). Relative to mean accuracies241

of 91.5 and 96.7 (out of 100), opposition quotes are 1.5–2.2% less accurate on the substring and242

BoW scales.243

Panel C examines semantic accuracy, which quantifies whether the quote preserves the meaning244

of the speech beyond verbatim or surface-level similarity using a two-stage transformer model245



Table 3. Difference inQuotation Accuracy, Opposition vs. Ruling-Party Politicians

A. Substring accuracy B. BoW accuracy C. Semantic accuracy

(1) (2) (3) (4) (5) (6)

Opposition −1.858∗∗∗ −1.373∗ −2.149∗∗∗ −1.638∗∗ −4.053∗∗∗ −2.992∗∗
(0.711) (0.760) (0.700) (0.645) (1.458) (1.435)

Time fixed-effects ✓ ✓ ✓ ✓ ✓ ✓
Individual controls ✓ ✓ ✓ ✓ ✓ ✓
Article controls ✓ ✓ ✓ ✓ ✓ ✓
Topic controls ✓ ✓ ✓ ✓ ✓ ✓
Ministerial controls ✓ ✓ ✓ ✓ ✓ ✓
Electoral controls – ✓ – ✓ – ✓
𝑅2 0.180 0.204 0.110 0.117 0.230 0.270
F-statistic, time fixed-effects 4.69∗∗∗ 2.99∗∗∗ 4.24∗∗∗ 2.07∗∗ 3.94∗∗∗ 2.5∗∗
F-statistic, individual controls 2.04∗∗ .82 1.88∗ .56 1.17 1.43
F-statistic, topic controls 1.66∗∗∗ 1.55∗∗∗ 1.25∗∗ 1.26∗∗ 1.26∗∗ 1.2∗∗
F-statistic, ministerial controls 3.81∗∗∗ 2.93∗∗∗ 2.4∗∗∗ 1.93∗∗∗ 3.01∗∗∗ 2.29∗∗∗
F-statistic, electoral controls – .89 – 1.82 – 3.23∗∗
Mean of dependent variable 91.5 91.9 96.7 96.8 89.9 90.3
N 14,901 10,898 14,901 10,898 14,901 10,898

Clustered standard errors in parentheses. ∗∗∗, ∗∗, ∗ indicate significance at the 1%, 5%, and 10% levels.

that assesses semantic support (Section 3.6). This semantics-based measure reinforces the same246

opposition disadvantage. On average, the opposition’s quotes are 3.0 to 4.1 points less semantically247

faithful (11.2% to 15.1% of the standard deviation). Across all three measures, including electoral248

controls (even-numbered columns) does not change the findings.249

All models include year and parliament trends (Section 4.1), so estimated partisan gaps are250

net of secular time trends. However, given that the sample spans over a decade, those average251

differences might drift over time. Interacting the party status with year shows that the partisan252

gap in accuracy was widest in the early half of the period and narrows thereafter, while persisting253

through the end of the sample (Figure 3).254

4.4 Sensitivity Analyses255

I run additional estimations to test the sensitivity of the results in Section 4.3. These include256

adjustments for journalists, clustering standard errors by speeches and journalists, and using257

alternative topic models with various 𝐾 . I also recompute accuracy excluding stopwords to ensure258

journalists are not simply dropping filler words for opposition quotes. These do not change the259

finding that opposition quotes are less accurate (Table D1). Linguistic differences in opposition260

speeches may also hinder journalists’ comprehension. I therefore add controls for: (i) objectivity,261

(ii) polarity, (iii) readability, and (iv) lexical richness (Section 3.8). If linguistic differences drive262



(a) Substring (b) BoW (c) Semantic

Fig. 3. PredictedQuote Accuracy by Party and Year. Points represent predicted marginal effects for the
year from the interaction of party with year in the regression specification Equation (4). Models include
controls for those listed in Table 3 (odd-numbered columns). Capped vertical lines are 95% confidence
intervals.

the results, the estimated partisan gap should attenuate to zero with these controls. This is not263

the case (Table D2).8 More generally, Figure 4 shows that the estimates from Section 4.3 for the264

substring measure are modest compared to alternative specifications, demonstrating that they are265

not artifacts of a single specification that yields large estimated differences in coverage. Figure D1266

and Figure D2 present analogous results for the BoW and semantic accuracy measures.267

5 Bounding Analyses268

I turn to two bounding analyses to deal with compositional bias and selection bias in the OLS269

estimates. The aim is to demonstrate that the estimates from Section 4.3 likely understate the270

partisan gap in accuracy.271

5.1 Ministerial Composition272

First, there is a compositional bias even if party status was randomly assigned, since opposition273

status limits ministerial composition. As the opposition, politicians do not hold ministerial ranks274

and portfolios (e.g., Education or Health), meaning party status influences both media coverage275

and ministerial characteristics.9276

Let the opposition dummy be 𝐷𝑖 ∈ {0, 1}, and a rank dummy be 𝑟𝑖 ∈ {0, 1}. 𝑦𝐷𝑖 and 𝑟𝐷𝑖 are277

the potential coverage and rank by party status. The observed difference in coverage between278

opposition politicians (𝐷 = 1) and ruling-party politicians (𝐷 = 0), at base (ministerial) rank (𝑟 = 0)279

can be decomposed (Appendix E, [5]):280

E[𝑦1𝑖 − 𝑦0𝑖 |𝑟1𝑖 = 0] + E[𝑦0𝑖 |𝑟1𝑖 = 0] − E[𝑦0𝑖 |𝑟0𝑖 = 0] . (5)
8However, accuracy degrades with poorer lexical richness and readability (Table D2).
9Unlike the typical Westminster system, there is no shadow cabinet.
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Fig. 4. Effect Sizes of Opposition Status on Substring Accuracy. Figure shows estimates, plotted in ascending
order, across 144 specifications (2 substring accuracy measures, with/without substrings, × 8 covariate
combinations, × 9 possible topic models). The chart indicates the above combinations. Combinations under
the outcome and topic models are mutually exclusive, while covariate combinations are not. Shaded bands
indicate 90% and 95% confidence intervals.

The first term reflects the true media slant between opposition and ruling-party politicians of the281

base rank. The compositional bias arises from the last two terms. The second term corresponds282

to the coverage of a ruling-party politician if assigned the base rank as an opposition. Since283

this applies to all ruling-party politicians (oppositions only hold base rank), it simplifies to the284

unconditional average: E[𝑦0𝑖 |𝑟1𝑖 = 0] = E[𝑦0𝑖]. The third term represents a ruling-party politician’s285

potential coverage at the base rank (𝑟 = 0), which arguably represents a lower-caliber or more286

junior politician. Hence, the last two terms evaluate to a positive bias (Appendix E; [68]).287

The above implies that the OLS estimates from Section 4.3 constitute lower bounds on slant if:288

(i) The true effect is negative, indicating media slant towards the ruling party; and289



(ii) Lower-ranked ruling-party politicians receive less favorable coverage than the average290

ruling-party politician.291

5.2 Selection on Observables and Unobservables292

Second, if party assignment (ruling party vs opposition) is not conditionally random, a nega-293

tive 𝛽 may indicate selection bias rather than true slant. In particular, more capable candidates294

might select into the ruling party, leaving lower-caliber candidates in the opposition [76]. Conse-295

quently, opposition coverage may appear weaker simply because media attention tracks politicians’296

capabilities.297

Since caliber is unobserved, the second bounding argument uses the proportional selection298

assumption [2, 58], bounding OLS estimates using how selection on observables relate to selection299

on unobservables [58]:300

𝛽∗ = 𝛽 −
[
𝑜

𝛽 − 𝛽
]
𝑅𝑚𝑎𝑥 − 𝑅̃

𝑅̃ −
𝑜

𝑅

, (6)

where 𝛽 and 𝑅̃ denote the coefficient and 𝑅2 from the fully controlled regression, and
𝑜

𝛽 and
𝑜

𝑅 are301

from the uncontrolled model. 𝑅max is set to 1.3𝑅̃ [58]. The idea is that the change in 𝛽 when adding302

controls (observables) is informative on how unobservables might bias the estimate. Equation (6)303

scales the change in 𝛽 by the relative change in 𝑅, reflecting the potential explanatory power of304

the observables. Adjusting 𝛽 based on the above yields the bias-adjusted estimate 𝛽∗.305

Assuming equal selection between observables and unobservables implies that the bias-adjusted306

slant is -2.88, -2.78, -7.04 (compared to -1.86, -2.15, -4.05 from Table 3). Moreover, assuming307

proportional selection between observables and unobservables, for the estimated partisan gap to308

be zero, the unobservables would need to be up to 16 times more important than the observables.309

Hence, adjusting for selection bias further supports that the estimated partisan gaps in accuracy310

are conservative in magnitude.311

6 Discussion312

This study bridges a computational approach with econometric analyses to examine the accuracy313

of political speech coverage. Applying the approach to Singapore—where political media bias314

is less overt, and coverage intensity shows no partisan gap—provides a useful testbed. I find no315

evidence that opposition politicians receive less coverage. This is consistent with accounts of how316

the media generally presents a veil of neutrality. However, as this study demonstrates, neutrality317

has gradations. While coverage intensity appears balanced, the accuracy measures developed318

in this study reveal a systematic partisan gap. This finding holds across verbatim and semantic319

measures, indicating lower accuracy for the opposition on both grounds of literal transcription320



and semantic faithfulness. These findings persist in a wide range of sensitivity analyses, including321

models that adjust for speech and linguistic qualities. Finally, two bounding analyses suggest the322

estimated partisan gaps in accuracy likely understate the true gap.323

6.1 Related Work324

These findings are consistent with media regulations that incentivize greater caution when quoting325

the ruling party, given its legal leverage. Journalists, especially in dailies, may trade off accuracy326

for timeliness [10], and inaccuracies in opposition quotes may stem from carelessness or synonym327

substitutions rather than intent. The results also fit demand-driven models of media bias, where328

bias reflects consumer preferences [9, 29, 30, 35, 44]. As media compete along a political spectrum329

for readership [42, 55], the rise of social media as an indirect competitor, with consumers more330

sympathetic to the opposition, may edge mainstream outlets towards the establishment.331

This study connects to the political economy literature that estimates the size and direction332

of media bias without anecdotal evidence. It connects to research on the media in dominant333

single-party systems [25, 53, 62, 63], and to studies finding slight left-of-center bias in centrist US334

media [9, 37, 40, 75]. One major stream is coverage intensity, in which differences in the volume of335

coverage across parties and issues reveal media slant [44, 59, 61, 63]. Another influential approach336

focuses on language by measuring ideological proximity through the media-politician language337

overlap [30, 31]. By comparing the linguistic choices of politicians and news outlets, this line338

of work reveals that the media adopts partisan-coded language (e.g., Republican language such339

as death tax, war on terror vs. Democratic language such as estate tax, war in Iraq), capturing340

semantic patterns beyond coverage volume alone. These approaches move beyond anecdote and341

scale bias detection using observable coverage patterns and textual similarity.342

This work aligns further with computational and network-based approaches to bias detection [7,343

15, 48, 51, 54, 56, 73, 77, 81, 82]. These studies apply traditional NLP and transformer-based methods344

to capture bias in subtler forms [73], across diverse units of analysis, including political blogs345

[81], newspapers [7, 19], and news headlines [48]. Some also integrate computational measures346

into statistical tests of hypotheses [7]. Other studies specifically target framing bias, such as one347

showing that headlines after mass shootings in the US politicized gun-related issues in different348

ways (e.g., school safety, gun control, mental health), demonstrating how news outlets can cover349

the same events in different ways [48]. A related study on quotation patterns analyzes quoting350

patterns of President Obama using low-rank embeddings, revealing that different media outlets351

selectively cover different parts of the same speech, thereby influencing public perceptions without352

necessarily misquoting [56]. Relatedly, semantic-embedding pipelines have been used to quantify353

how much downstream social media discourse reflects press releases, demonstrating the use of354

embedding-based methods to capture similarity beyond word alignment [16].355



Finally, LLMs are among the most recent wave of tools in media bias research [15, 73]. While356

promising, their reliability remains in question as a recent study finds that four widely used357

LLMs (GPT, Gemini, LLaMA, Claude) produce inconsistent ideological mappings of newspapers358

worldwide, hinting that bias detection should also account for context and institutional settings359

(Section 6.3) [15].360

6.2 Coverage Fidelity361

This study extends existing work by applying a two–stage retrieval–reranker pipeline [43, 47, 52,362

57, 65] to quantify the semantic support of direct quotes from the source speeches. This application363

differs from standard neural retrieval frameworks, which are typically designed to find relevant364

documents in large corpora [38]. By contrast, this study re-purposes thesemodels to assess semantic365

fidelity on known quote-source pairs. In a similar vein, existing fuzzy matching techniques are366

used to assess verbatim fidelity. By combining these accuracy measures with econometric methods,367

this approach uncovers statistical evidence of slant in an institutional setting where coverage368

intensity measures cannot.369

Each of the three accuracy measures captures a different aspect of coverage fidelity. Substring370

accuracy is closest in spirit to verbatim quotation accuracy as traditionally defined: a match of371

contiguous words within the source speech. Exact wording is required, and even small, innocuous372

deviations (e.g., “college”←→ “university”) reduce the score. The bag-of-words measure is more373

forgiving when quotes are truthful but paraphrased or stitched from non-contiguous fragments.374

Semantic accuracy uses a transformer-based two-stage model to assess whether the speech sup-375

ports the meaning of the quote. It will handle paraphrasing and synonyms through semantic376

representation. In particular, the semantic measure identifies quotes that are close to verbatim377

but could otherwise be interpreted as taken out of context as soundbites without substantive378

meaning (e.g., “look them in the eye”). In practice, the choice of the accuracy metric depends on379

how one weighs verbatim vs. semantic meaning, and the tolerance for paraphrasing. In this study,380

the consistency in findings across measures strengthens confidence that the partisan gap reflects381

systematic differences rather than artifacts of any single metric.382

6.3 Logistics and a Separating Equilibrium383

Here, I situate the findings within insights from primary and secondary research on a specific384

government-media communications machinery. The insights come from interviews with a senior385

journalist and two members of parliaments from recent terms. Together, their accounts suggest386

that the statistical evidence of a partisan gap in accuracy reflects a “separating equilibrium” where387

the stable equilibrium strategy in engaging the media differs by party (Figure 5).388



Fig. 5. Institutional Logistics and a Separating Equilibrium

Ruling-party politicians circulate their speech transcripts to the media in advance. Higher-389

ranking politicians introducing Bills or Motions not only share their speeches early but may390

also brief the media in advance. This pre-circulation gives media agents ample time to prepare.391

Non-senior ruling-party politicians also share their speeches in advance, or the media might392

request them.393

By contrast, opposition politicians generally do not participate in this government-media ma-394

chinery. They are less likely to voluntarily submit their transcripts after the sitting. If they do,395

it’s often late. Since official transcripts are released only a week after the sitting, but news sto-396

ries appear the same or the next day, journalists rely on shorthand notes, video recordings, or397

pre-circulated transcripts, mainly from ruling-party politicians (Appendix B). If early circulation398

improves accuracy, these partisan choices alone on media engagement could explain much of399

the observed partisan gap in quotation accuracy. Still, even if the entire partisan gap stems from400

differences in media engagement, the differences in media engagement reveal strong private beliefs401

about media slant as I discuss in Section 6.4 below.402

6.4 Separating Equilibrium via Private Beliefs of Slant403

Political agents care about getting covered accurately. They also care about spin in the framing404

of their messages [33, 48, 54, 77, 78]. As an illustration, a speech about “... raise taxes by x% to405

improve fiscal position ...” can be (mis)represented in different ways. One version is simply “raise406

taxes by x%”. Another is “raise taxes by x% to stabilise fiscal position”. The speech itself can have407

different spins. It can be framed as the government lacking fiscal prudence in recent years, or as a408

story about government foresight regarding future spending needs. The same message can also be409

threaded into a pre-existing narrative about social spending (or lack thereof). Spin increases with410

early circulation (Section 6.3) because it gives media agents time to enrich or distort the narrative.411

Thus, early circulation improves accuracy but also increases the risk of narrative distortion.412



Being rational, politicians weigh the benefits of accuracy against the loss of narrative control,413

based on their private beliefs about the probability of spin, which differ by party (Appendix F).414

Ruling-party politicians often circulate their speeches early, implying the belief that the benefits of415

accuracy outweigh any potential negative spin. Opposition politicians typically do not, consistent416

with the reservation that giving the media early access will lead to unfavorable interpretations of417

the message.418

Hence, even if differences in logistics and engagement fully explain disparities in accuracy419

(Section 6.3), the decision to not circulate still reveals strong privately held information of a media420

that slants.421

6.5 Strengths and Limitations422

A limitation of the study is that the analysis ends before more recent legislative periods, when423

opposition representation became more of a norm. Nevertheless, the sample spans twelve years and424

four parliaments, including two full terms, and crucially captures the landmark 2011 election when425

opposition representation made a breakthrough. The sample, therefore, provides a meaningful426

analytical window into partisan gaps in quotation fidelity during a major institutional turning427

point. The analyses also ensure that estimated partisan gaps do not hinge on any single year, as all428

models include year and parliament effects [27, 50]. Additionally, the period is sufficiently broad to429

capture the temporal dynamics of partisan gaps. What remains uncertain is how these gaps have430

evolved more recently, especially as the media landscape itself has shifted. Print readership has431

halved between 2017 and 2022, while television and social media have becomemore dominant news432

sources (Table A2, [24]), Examining partisan gaps in newer periods thus represents an important433

avenue of future work.434

A second limitation is that the sample focuses on a single outlet, The Straits Times. This design435

is deliberate. As Singapore’s flagship daily with the widest readership and well-documented436

leadership ties to the state [32], The Straits Times provides the clearest platform for evaluating437

journalistic behavior in political coverage. Smaller outlets exist, but with reach orders of magnitude438

lower. In this sense, any inaccuracies from The Straits Times would have the greatest potential439

impact on news consumers and the electorate at large.440

At the same time, examining a single outlet in depth enables a closer study of institution-441

specific dynamics (Section 6.3). The observed partisan gap could stem from media slant or from442

a government-media machinery that excludes the opposition. The empirical approach cannot443

fully disentangle these explanations. However, I show that the choices made by ruling-party and444

opposition politicians still imply media slant (Section 6.4), and underscore that computational and445

applied statistics cannot substitute for attention to the institutional context [15].446



Beyond The Straits Times and Singapore, themethodological approach is broadly applicable, as the447

accuracy measures can be computed wherever a media–source corpus exists (Figure 1). Extending448

it to other domestic outlets, including online and social media, where news consumption has449

shifted [24], would yield valuable comparisons. In more pluralistic political and media systems, the450

approach remains useful because the notion of an “opposition” is relative: for a left-of-center outlet,451

right-of-center politicians are the opposition, and vice versa [14]. This relativity is particularly452

salient in contexts where ideological leanings of outlets are already well documented [21, 30, 37,453

56, 60, 82]. Moreover, the institutional machinery in Singapore (Section 6.3) also applies in other454

settings, where politicians cultivate long-term working ties with ideologically friendly journalists455

[78]. In such settings, identifying whether an outlet covers Party A less often than Party B, and,456

crucially, whether it does so with equal fidelity, provides a richer indicator of news reliability.457

Computationally, the LDA topic modeling approach, while common and easily implemented458

[19, 56, 77, 80], has newer counterparts. This is less of a concern as the goal was to adjust for459

variation arising from differing speech content [27, 50, 80]. Nonetheless, newer topic modeling460

techniques can recover more coherent and contextually aware topics [4, 22, 36, 67, 74]. These will461

be useful when content is studied as an essential dimension [48] rather than a nuisance variation462

to partial out [27, 50].463

Finally, while this study uncovers partisan gaps in quotation accuracy, it does not assess its464

impact on readers and the electorate [20, 34]. While out of scope of bias detection studies [9, 30,465

37, 40, 44, 48, 49, 56, 59–61, 63, 75, 77], the impact of misquotation remains a critical avenue of466

research since news coverage affect perceptions [18, 71], media bias spreads to other outlets [80],467

and (mis)quotations can subtly distort reality [56]. Future studies should evaluate, through surveys468

or experiments, how misquotations or, more generally, coverage infidelity would affect public469

opinions.470

6.6 Conclusion471

Media slant operates through multiple dimensions, including fidelity in conveying political472

speeches. This study traces how political speeches change as they move from parliament to473

print. In an institutional setting widely regarded as neutral, the computational and statistical474

approach reveals subtle but systematic gradations in coverage accuracy along partisan lines. The475

framework generalizes to any other context with quote-to-source text pairs. More broadly, es-476

tablished computational methods can reveal hidden patterns when applied beyond their original477

domains.478
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A Data Appendix713

News Article Corpus and Politicians. I start with the list of politicians who were active during the714

sample period, including many whose tenure began in the 1980s. For each politician, I collect715

metadata: ministerial rank and portfolio (where applicable), tenure dates, gender, and birth year.716

Birth year is unavailable for two non-partisan members; I impute these as 1950 and 1955 based717

on estimated age from available biographical information. I then query these politician names in718

Factiva, a database providing access to licensed news archives worldwide. This process returns719

over 112k news articles from The Straits Times. After deduplicating by title–date tuples, I end up720

with 62k unique articles for 204 politicians (Table A1).721

Article Classification. Only a subset of articles that mention politicians will contain quotes from722

parliamentary speeches. To extract articles with parliament quotes, I label 1,419 articles from723

October 2011 to December 2012 (275 “positive” cases containing at least one quote) as a training set724

for use in a supervised machine learning workflow. I represent news articles as bag-of-words using725

n-grams (n = 1 to 5), supplemented by binary indicators for quotation marks and parliamentary726

keywords. The keywords include parliamentary terminology (parliament, debate, sitting, bill,727

budget), roles (MP, Minister, speaker), constituency types (SMC, GRC; Section 2.1), and quote728

indicators (said, colons, semicolons).729

I compare six supervised learning algorithms (naive Bayes, decision tree, support vector machine,730

logistic regression, bagged decision trees, random forest) across multiple specifications addressing731

class imbalance through sample weighting and SMOTE (synthetic minority oversampling). Model732

hyperparameters are optimized via 5-fold cross-validation. The best, and eventual, classifier I used733

is a random forest with class weights, which achieves the best balance of recall (83%) and precision734

(70%), substantially outperforming the naive baseline of classifying all articles as negative (81%735

accuracy but 0% recall).736

Classification Workflow. I adopt a classification workflow that iteratively improves the training737

set and classifier performance. Starting with the initial 1,419 labeled articles, I train a random738

forest and apply it to the remaining articles from 2012. The classifier predicts 471 articles contain739



parliamentary quotes. As I extract quotes from these articles (described below), I simultaneously740

verify each prediction—does the article truly contain parliamentary quotes? These verified labels741

convert the 471 articles from “predictions” into “ground truth”, expanding my training set to742

1,890 articles. I then retrain the classifier on this larger set and apply it to 2013 articles. I repeat743

this iteratively through the years of the sample period. Across all years, top predictive features744

naturally include parliamentary vocabulary (e.g., “parliament,” “mps,” “debate,” “grc”, “parliament745

yesterday”) and those relating to question-and-answer (e.g., “asked”, “responding”).746

QuoteMatching and Extraction. For articles classified as positive, I extract candidate quotes using a747

semi-automated process. Candidate quotes are text strings within single or double inverted commas,748

or following speech colons. For each article, I extract all candidate quotes and identify potential749

source speeches, starting from the article date and the previous day (speeches typically appear in750

the news the same day or the next day). Each quote is matched against candidate speeches using751

the Ratcliff-Obershelp edit distance, which recursively identifies the longest common substring752

between quote and speech, then continues matching remaining portions. Text is preprocessed753

to lowercase with punctuation removed. The algorithm produces similarity scores and ranks754

candidate speeches. I review the top 𝑛 matches for each quote and select the correct source speech,755

or mark the quote as false positive if no appropriate match exists. This process yields 14,901756

quote-speech pairs with complete data from 5,129 speeches across 3,421 articles.757

Topic Modeling. Topic number 𝐾 is selected by maximizing coherence scores across models758

trained for 𝐾 = 2, 4, ..., 100.[17] The Dirichlet parameter 𝛼 is set to 1/𝐾 , consistent with speeches759

typically having one dominant topic. I train separate LDA models for speeches (𝐾∗ = 92) and760

articles (𝐾∗ = 40) to control for content differences. For robustness checks, I train additional761

models at 𝐾 = 50, 100 (speeches) and 𝐾 = 30, 50 (articles). Text preprocessing includes stopword762

removal, lemmatization, and named entity removal (persons, dates, times, money, quantities).763

Importantly, I apply phrase detection using normalized pointwise mutual information across two764

passes over the corpus. Word pairs that frequently co-occur (exceeding a threshold of 0.55–0.7)765

are connected with underscores, allowing the model to treat multi-word expressions as single766

tokens. As a context-specific example, “minimum sum” becomes “minimum_sum” and “cpf saving”767

becomes “cpf_saving”. A second pass identifies longer phrases like “early_childhood_education.”768

This step is important because these phrases often have distinct meanings compared to their con-769

stituent words appearing separately. Other examples include: resale_flat, pre_school, civil_servant,770

unfair_dismissal, mental_capacity, integrated_shield_plans, group_representation_constituency,771

en_bloc_sale, progressive_wage_model, and transboundary_haze_pollution.772



Table A1. Descriptive statistics

Party

All Ruling Opposition Non-partisan
(1) (2) (3) (4)

A. Sample
Number of quotes 14,901 13,321 1,105 475
Number of MPs 204 144 16 44
#words in quote (SD) 20.9 (38.5) 20.9 (40.2) 20.1 (18.2) 23.7 (19.3)
B. Distribution of quotes (mean, SD)
#quotes per MP 73.0 (130.8) 92.5 (147.6) 69.1 (92.1) 10.8 (9.1)
#quotes per article 4.36 (3.11) 4.23 (3.04) 6.18 (3.70) 4.92 (3.03)
#quotes per speech 2.91 (3.86) 3.01 (4.06) 2.41 (2.39) 1.96 (1.51)
#quotes per year 1,241.8 (402.3) 1,110.1 (349.6) 92.1 (50.6) 39.6 (14.7)
C. Quote accuracy (mean, SD)
Substring accuracy 91.5 (12.8) 91.6 (12.9) 90.9 (12.7) 91.7 (11.5)
BoW accuracy 96.7 (10.2) 96.7 (10.0) 95.3 (13.2) 97.5 (7.3)
Semantic accuracy 89.9 (26.8) 89.8 (27.1) 89.3 (26.7) 93.8 (20.1)
D. Age, tenure, and gender
Age (years, SD) 49.1 (8.3) 49.8 (7.9) 46.5 (10.6) 48.0 (8.7)
Political tenure (years, SD) 7.5 (8.0) 9.8 (8.2) 4.6 (6.6) 1.0 (0.7)
Female MPs (%) 23.0% 18.1% 18.8% 40.9%
Female quotes (%) 16.5% 14.7% 28.0% 40.4%

Table A2. Daily Newspaper Subscription

2015 Subscriptions 2021 Subscriptions

Daily newspaper Language Unique Digital Print Digital Total Print Digital Total

1 Berita Harian Malay 911 44’600 2’500 47’100 21’200 7’300 28’500
(Berita Minggu)

2 The Business Times English 6’658 29’200 18’500 47’700 14’200 26’000 40’200
3 Lianhe Zaobao Chinese 13’727 148’600 39’300 187’900 85’200 51’700 136’900
4 Lianhe Wanbao Chinese 1’137 82’500 9’100 91’600 35’700 27’700 63’400
5 The New Paper English 757 70’200 40’400 110’600 — — —

(The New Paper Sunday)
6 Shin Min Daily News Chinese — — — 120’200 62’700 27’700 90’400
7 The Straits Times English 60’871 304’300 177’400 481’700 145’700 315’100 460’800

(The Sunday Times)
8 Tamil Murasu Tamil — — — 12’800 5’900 1’900 7’800

(Tamil Murasu Sunday)

Subscriptions of the eight daily newspapers wholly owned by Singapore Press Holdings. Parenthesis indicates the
Sunday edition of the daily. For instance, The Straits Times is published as The Sunday Times on Sundays. In addition to
total subscriptions, unique digital subscriptions, print subscriptions, and digital subscriptions are shown where available.
2015 subscription data comes from https://web.archive.org/web/20211003084400/https://corporate.sph.com.sg/system/
misc/annualreport/2015/SPH_AR2015_DailyAverageNewspaperCirculation.pdf . 2021 subscription data comes from
https://web.archive.org/web/20250516171119/https://mustsharenews.com/sph-media-trust-saga/, although numbers
may have been inflated.

https://web.archive.org/web/20211003084400/https://corporate.sph.com.sg/system/misc/annualreport/2015/SPH_AR2015_DailyAverageNewspaperCirculation.pdf
https://web.archive.org/web/20211003084400/https://corporate.sph.com.sg/system/misc/annualreport/2015/SPH_AR2015_DailyAverageNewspaperCirculation.pdf
https://web.archive.org/web/20250516171119/https://mustsharenews.com/sph-media-trust-saga/


Table A3. Newspaper section by party

Newspaper section Government Opposition Total

Home 963 85 1,048
Insight 50 7 57
Money 21 0 21
News 28 0 28
Opinion 11 0 11
Others 16 3 19
Prime News 1,929 152 2,081
Review - Insight 14 0 14
Singapore 8,213 623 8,836
Sports 14 0 14
ST 645 34 679
Think 12 3 15
Top of the News 1,871 198 2,069
World 9 0 9

Total 13,796 1,105 14,901



B Background to Parliamentary Speeches773

This section synthesizes parliamentary business facts from the official source https://www.parliament.774

gov.sg/parliamentary-business/glossary, and from insights drawn from the written experiences of775

an anonymous reviewer, who is a member of parliament in the 13th parliament. Insights from the776

anonymous reviewer come mainly in the last two paragraphs.777

Speeches are (mostly) scripted. Most of the speeches in the Parliament of Singapore are jointly778

planned by the Government in consultation with the Speaker of Parliament (Speaker), who, as779

a result, is rarely surprised by what Members of Parliament (Members) intend to say. Bills and780

Motions, for instance, require at least two days’ notice before their introduction, or even longer781

depending on who introduces the bill. Extemporaneous and impromptu speeches exist but are rare782

and likely shorter. A Parliamentary Reporter records all these proceedings in shorthand before783

archiving them in the official repository.784

True debates are rare. One common context in which Members speak is on Bills or Motions. The785

sponsor of the bill, for instance, usually a Political Office Holder, is allowed to speak twice, once to786

introduce the Bill/Motion and once more to close the debate. Other Members are allowed up to 20787

minutes to debate the introduced Bill/Motion. Still, the interim response to the introduction and788

the response is likely prepared in advance. A different and rarer context is Ministerial Statements,789

given by aMinister regarding the Government’s policy and decision. Although no notice is required790

for such statements, it is, in all likelihood, prepared in advance.791

Deviations from scripted exchange. One context in which unscripted exchanges can arise is via792

Parliamentary Question Time, a period set aside at the beginning of every sitting, where Ministers793

or Members respond to Questions as filed and accepted by the Speaker until the end of the allocated794

Question Time. Since these Questions are filed in advance, responses are scripted. However, once795

a response is given, any other Member may spontaneously ask supplementary questions relating796

to the original Question. While these are conditional on having sufficient time, the Speaker may,797

in practice, allocate more time to the opposition than their proportional share based on seats held.798

There is room for unscripted responses to the extent that the supplementary questions have not799

been pre-empted or made known to colleagues in advance. Deviations from scripted exchanges800

among the incumbent party members may also arise when members want to engage further on801

points of clarification, but these usually occur near the end of a debate.802

The main source of unscripted exchanges, therefore, relates to opposition Members who, unlike803

the incumbent party Members, do not circulate their speeches and questions in advance. As a804

result, it becomes difficult for most incumbent party Members to prepare scripted responses to805

speeches from opposition Members.806

https://www.parliament.gov.sg/parliamentary-business/glossary
https://www.parliament.gov.sg/parliamentary-business/glossary
https://www.parliament.gov.sg/parliamentary-business/glossary


The extent to which speeches and their responses are predictable rests on the existing media-807

political machinery and differs by seniority and party status. Incumbent party Members are more808

likely to circulate both their speeches and questions in advance, both among their party colleagues809

and also to the media. The opposition Members, however, do not.810

C Coverage Intensity811

(a) Count of quotes over the years by partisanship (b) Count of quotes over parliaments by partisanship

Fig. C1. Count of quotes by partisanship over years and parliaments

Observations in Table C1 are at the article-speech level:812

𝑦𝑖𝑟𝑠𝑡 = 𝛼 + 𝛽 𝑜𝑝𝑝𝑖 +
2016∑
𝑘=2006

𝛼𝑘 𝑦𝑒𝑎𝑟𝑘𝑡 +
13∑
ℓ=11

𝛼ℓ 𝑝𝑎𝑟𝑙ℓ𝑡 +𝜸 ′𝑿𝑖𝑟𝑠𝑡 + 𝜀𝑖𝑟𝑠𝑡 , (C1)

similar to Equation (4) but aggregated to the article-speech level. The outcome is the log length of813

the number of quoted words, where the separate (direct) quotations that originate from the same814

speech and reported in the same news article are treated as a single observation. Time fixed-effects815

include both the parliament (10th, 11th, 12th, & 13th) and year (2005–16) fixed effects. Individual816

controls include the politicians’ gender, ethnic (Chinese, Indian, Malay, and Eurasian/Others),817

and a quadratic in age and political tenure. Article controls include day-of-the-week dummies,818

newspaper section (e.g. Top of the News, Prime News), and a dummy for whether the quote was819

translated. Topic controls are vectors of probabilistic association (sum to one) of the newspaper820

article and parliament speech to topics uncovered using LDA. Ministerial controls include politician821

type (e.g. Deputy Prime Minister, Parliamentary Secretary) and political portfolio (e.g. Health,822

Education). Electoral controls include the electorate size that the politician represents, the group823

size of representation (group representation have sizes of 4–6), vote share, and winning margin in824



Table C1. Difference in Coverage Intensity for Opposition vs. Ruling-Party Politicians, Article-Speech Level

Outcome: Log of quote length by word count

(1) (2)

Opposition 0.052 0.038
(0.064) (0.074)

Controls
Time fixed-effects ✓ ✓
Individual controls ✓ ✓
Article controls ✓ ✓
Topic controls ✓ ✓
Ministerial controls ✓ ✓
Electoral controls − ✓

𝐹 -statistics
𝐹 -statistic, year fixed-effects 2.682∗∗∗ 1.613∗
𝐹 -statistic, individual controls 0.397 1.153
𝐹 -statistic, article controls 3.290∗∗∗ 2.538∗∗∗
𝐹 -statistic, topic controls 2.762∗∗∗ 2.413∗∗∗
𝐹 -statistic, ministerial controls 2.694∗∗∗ 2.722∗∗∗
𝐹 -statistic, electoral controls 0.382

Mean of dependent variable 3.306 3.301
𝑅2 0.181 0.199
𝑁 7,087 5,143

Clustered standard errors in parentheses. ∗∗∗, ∗∗, ∗ indicate significance at the 1%, 5%, and 10% levels.

the most recent general election. Politicians who had won by default (no opposition contest) in the825

most recent election have no electoral data. All regressions also include the intensity measures for826

the textual data—the (log) length of speech, speech paragraph, and news article. 𝐹 -statistics report827

the test statistic for the null that the set of controls are jointly equal to zero. Robust standard errors828

in parentheses are clustered at news articles.829



D Sensitivity Analyses830

Table D1. Specification Checks for Quote Accuracy, Quote Level

Clustering Topic distribution of textual content

Baseline Journa- No ministerial No Cluster by Cluster by Speech Speech Article Article Sentence Parsimonious
Regression list FE controls translations speech journalist 𝐾 = 50 𝐾 = 100 𝐾 = 30 𝐾 = 50 topics topics

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Panel A. Dependent variable is substring quote accuracy

Opposition −1.86∗∗∗ −2.05∗∗∗ −1.68∗∗∗ −1.68∗∗ −1.86∗∗ −1.86∗∗ −1.53∗∗ −1.78∗∗ −2.16∗∗∗ −1.88∗∗∗ −1.87∗∗∗ −1.74∗∗
(0.71) (0.77) (0.55) (0.70) (0.75) (0.73) (0.72) (0.72) (0.70) (0.71) (0.71) (0.70)

N 14,901 13,524 14,901 14,697 14,901 14,901 14,901 14,901 14,901 14,901 14,901 14,901

Panel B. Dependent variable is substring quote accuracy (No stop words)
Opposition −1.94∗∗∗ −2.20∗∗∗ −1.71∗∗∗ −1.75∗∗ −1.94∗∗ −1.92∗∗ −1.59∗∗ −1.94∗∗∗ −2.27∗∗∗ −1.99∗∗∗ −1.95∗∗∗ −1.83∗∗∗

(0.72) (0.78) (0.56) (0.71) (0.76) (0.77) (0.72) (0.73) (0.71) (0.72) (0.72) (0.71)
N 14,901 13,524 14,901 14,697 14,901 14,901 14,901 14,901 14,901 14,901 14,901 14,901

Panel C. Dependent variable is bag-of-words quote accuracy measure
Opposition −2.15∗∗∗ −2.41∗∗∗ −1.63∗∗∗ −2.04∗∗∗ −2.15∗∗∗ −2.13∗∗∗ −1.97∗∗∗ −2.11∗∗∗ −2.38∗∗∗ −2.07∗∗∗ −2.13∗∗∗ −2.20∗∗∗

(0.70) (0.75) (0.55) (0.70) (0.71) (0.78) (0.72) (0.72) (0.70) (0.69) (0.70) (0.71)
N 14,901 13,524 14,901 14,697 14,901 14,901 14,901 14,901 14,901 14,901 14,901 14,901

Panel D. Dependent variable is bag-of-words quote accuracy (No stop words)
Opposition −2.88∗∗∗ −3.18∗∗∗ −2.04∗∗∗ −2.76∗∗∗ −2.88∗∗∗ −2.92∗∗∗ −2.57∗∗∗ −2.85∗∗∗ −3.22∗∗∗ −2.81∗∗∗ −2.86∗∗∗ −2.89∗∗∗

(0.91) (0.99) (0.70) (0.92) (0.93) (1.10) (0.93) (0.94) (0.90) (0.89) (0.92) (0.91)
N 14,901 13,524 14,901 14,697 14,901 14,901 14,901 14,901 14,901 14,901 14,901 14,901

Panel E. Dependent variable is semantic quote accuracy
Opposition −4.05∗∗∗ −4.68∗∗∗ −2.97∗∗∗ −3.69∗∗ −4.05∗∗∗ −4.23∗∗ −3.25∗∗ −3.71∗∗ −4.87∗∗∗ −4.06∗∗∗ −4.01∗∗∗ −3.92∗∗∗

(1.46) (1.59) (1.13) (1.45) (1.48) (1.66) (1.46) (1.49) (1.43) (1.45) (1.47) (1.42)
N 14,901 13,524 14,901 14,697 14,901 14,901 14,901 14,901 14,901 14,901 14,901 14,901

Panel F. Dependent variable is binarized semantic quote accuracy (= 1 if Semantic accuracy ≥ 99)
Opposition −0.06∗∗∗ −0.05∗∗ −0.05∗∗∗ −0.06∗∗∗ −0.06∗∗∗ −0.05∗∗ −0.06∗∗∗ −0.06∗∗∗ −0.07∗∗∗ −0.05∗∗ −0.06∗∗∗ −0.06∗∗∗

(0.02) (0.02) (0.02) (0.02) (0.02) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
N 14,887 13,513 14,887 14,682 14,887 13,513 14,887 14,887 14,887 14,887 14,887 14,887

Note: Observations are at the quote level; the regressions in this Table consider each quote as a separate observation, even if they
originate from the same speech or are reported in the same news article. The set of controls is the same as in Table 3. Robust standard
errors in parentheses are clustered at news articles.
∗∗∗ Significant at the 1 per cent level.
∗∗ Significant at the 5 per cent level.
∗ Significant at the 10 per cent level.
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Fig. D1. Effect Sizes of Opposition Status on Bag-of-words Accuracy
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D.1 Additional linguistic controls831

Table D2. Additional Language-based Measures as Controls

Additional language and textual controls using 1st principal components
of objectivity, polarity, readability, and lexical richness measures

Objectivity Polarity English
Baseline of textual of textual grade/ Lexical
results content content readability Richness All

(1) (2) (3) (4) (5) (6)

Panel A. Dep. Var. is substring quote accuracy

Opposition −1.86∗∗∗ −1.81∗∗ −1.86∗∗∗ −2.12∗∗∗ −1.76∗∗ −2.02∗∗∗
(0.71) (0.71) (0.71) (0.71) (0.71) (0.72)

Objectivity of speech and quote −0.13∗∗ −0.13∗∗
(0.06) (0.06)

Polarity of speech and quote −0.02 −0.03
(0.06) (0.06)

Grade/readability score of speech transcipt 0.65∗∗∗ 0.64∗∗∗
(0.08) (0.09)

Lexical richness of speech transcipt 0.36∗∗∗ 0.31∗∗∗
(0.08) (0.08)

Panel B. Dep. Var. is bag-of-words quote accuracy

Opposition −2.15∗∗∗ −2.12∗∗∗ −2.14∗∗∗ −2.24∗∗∗ −2.15∗∗∗ −2.23∗∗∗
(0.70) (0.70) (0.70) (0.70) (0.70) (0.70)

Objectivity of speech and quote −0.08 −0.08
(0.05) (0.05)

Polarity of speech and quote 0.02 0.01
(0.05) (0.05)

Grade/readability score of speech transcipt 0.22∗∗∗ 0.22∗∗∗
(0.07) (0.08)

Lexical richness of speech transcipt 0.14∗ 0.12
(0.08) (0.08)

Panel C. Dep. Var. is semantic quote accuracy

Opposition −4.05∗∗∗ −4.10∗∗∗ −4.10∗∗∗ −4.08∗∗∗ −3.88∗∗∗ −3.97∗∗∗
(1.46) (1.46) (1.46) (1.46) (1.46) (1.46)

Objectivity of speech and quote 0.09 0.08
(0.12) (0.13)

Polarity of speech and quote −0.10 −0.07
(0.12) (0.13)

Grade/readability score of speech transcipt 0.09 0.05
(0.16) (0.17)

Lexical richness of speech transcipt 0.42∗∗∗ 0.41∗∗∗
(0.15) (0.15)

Clustered standard errors in parentheses. ∗∗∗, ∗∗, ∗ indicate significance at the 1%, 5%, and 10% levels.



E Bounding Analysis Using Ministerial Composition832

The following shows that treating ministerial rank as a bad control suggests that the OLS estimate833

of the opposition dummy carries an attenuation bias (an upward bias when the true effect is834

negative), even if assignment into a party is random. Specifically, opposition status determines835

not only political media coverage but also the ministerial rank of politicians since the opposition836

politicians never get a higher than base (lowest) rank (Table E1). Hence, even conditioning on837

rank does not recover the true causal effect because of the politicians’ composition and rank.838

As a simplification, the following abstracts away from other regressors (𝑿 ), or more specifically,839

assumes that opposition status does not determine 𝑿 other than rank. In reality, there is also a840

whole range of ministerial ranks/types, but these all collapse into a single dummy indicating a841

higher than base rank, with base rank as the omitted category. Let the opposition status indicator842

for politician 𝑖 be843

𝐷𝑖 =


1 if politician 𝑖 is from an opposition party

0 otherwise,
(E1)

and let the higher rank indicator for politician 𝑖 be844

𝑟𝑖 =


1 if politician 𝑖 holds a higher than base (lowest) level rank

0 if base (lowest) rank.
(E2)

Table E1. Ministerial Rank by party

Ministerial Rank/type Party

Rank Description Government Opposition Total

PM Prime Minister 491 0 491
DPM Deputy PM 1,228 0 1,228
Minister MR1-4 rank 6,605 0 6,605
SMS Senior Minister of State 1,020 0 1,020
MOS Minister of State 531 0 531
Mayor Mayor (of 1 of 5 districts) 200 0 200
Sps Senior Parliamentary Secretary 103 0 103
Parl Sec Parliamentary Secretary 102 0 102
Speaker Speaker of Parliament 38 0 38
MP Member of Parliament (base rank) 3,004 800 3,804
NCMP Non-constituency MP 0 306 306
NMP Nominated MP 475 0 475

Total 13,322 1,106 14,428



Following the setup of bad controls [5], opposition status (𝐷𝑖 ) determines both media coverage
(𝑦𝑖 ) and the rank (𝑟𝑖 ):

𝑦𝑖 = 𝑦0𝑖 + (𝑦1𝑖 − 𝑦0𝑖)𝐷𝑖 (E3)

𝑟𝑖 = 𝑟0𝑖 + (𝑟1𝑖 − 𝑟0𝑖)𝐷𝑖 , (E4)

where 𝑦1𝑖 and 𝑟1𝑖 (𝑦0𝑖 and 𝑟0𝑖 ) are the potential media coverage and potential ministerial rank of845

politician 𝑖 as an opposition (ruling-party) politician. One can think of rank affectingmedia coverage846

as an omitted variable problem in that rank is increasing in some unobserved characteristics of a847

politician (e.g., competence, likeability, quotability, public image), and coverage is increasing in848

these characteristics. By the joint independence of {𝑦1𝑖 , 𝑟1𝑖 , 𝑦0𝑖 , 𝑟0𝑖} and 𝐷𝑖 , comparing opposition849

and ruling-party politicians conditional on the base level rank (𝑟𝑖 = 0) gives:850

E[𝑦𝑖 |𝐷𝑖 = 1, 𝑟𝑖 = 0] − E[𝑦𝑖 |𝐷𝑖 = 0, 𝑟𝑖 = 0]

= E[𝑦1𝑖 |𝐷𝑖 = 1, 𝑟1𝑖 = 0] − E[𝑦0𝑖 |𝐷𝑖 = 0, 𝑟0𝑖 = 0]

= E[𝑦1𝑖 |𝑟1𝑖 = 0] − E[𝑦0𝑖 |𝑟0𝑖 = 0]

= E[𝑦1𝑖 |𝑟1𝑖 = 0] − E[𝑦0𝑖 |𝑟1𝑖 = 0] + E[𝑦0𝑖 |𝑟1𝑖 = 0] − E[𝑦0𝑖 |𝑟0𝑖 = 0]

= E[𝑦1𝑖 − 𝑦0𝑖 |𝑟1𝑖 = 0] + E[𝑦0𝑖 |𝑟1𝑖 = 0] − E[𝑦0𝑖 |𝑟0𝑖 = 0]

(E5)

The observed difference in political media coverage between opposition and ruling-party politi-851

cians can be decomposed into two parts. The first term in the last line of Equation (E5) is the true852

causal effect of opposition status on coverage, conditional on having the base ministerial rank.853

The bias comes from the second and third terms. The second term is the potential coverage of a854

ruling-party politician had he been assigned a base ministerial rank as an opposition politician.855

The third term is the potential coverage of a ruling-party politician, given that he is assigned to a856

base ministerial rank.857

In theory, the bias can go in either direction. But I propose here that a very plausible set of858

assumptions suggests that the bias is likely positive. First, the average coverage of a ruling-party859

politician who would have been assigned to the base rank had he been an opposition politician, is860

simply the average coverage of all ruling-party politicians, so that E[𝑦0𝑖 |𝑟1𝑖 = 0] = E[𝑦0𝑖].861

The average coverage of a ruling-party politician assigned to a base ministerial rank, however,862

is likely below average if coverage increases with rank so that E[𝑦0𝑖 |𝑟0𝑖 = 0] < E[𝑦0𝑖]. Together,863

the assumptions imply that E[𝑦0𝑖 |𝑟1𝑖 = 0] = E[𝑦0𝑖] > E[𝑦0𝑖 |𝑟0𝑖 = 0], or that the bias term in the864

equation E[𝑦0𝑖 |𝑟1𝑖 = 0] −E[𝑦0𝑖 |𝑟0𝑖 = 0] > 0. Hence, the bias is positive. When the true causal effect865

of opposition status on coverage is negative, this becomes an attenuation bias towards zero, and866



the observed comparison of means from the OLS estimates constitutes a lower bound on the true867

magnitude of the opposition effect.868

F Rational Choices in a Separating Equilibrium869

To the extent that the detected partisan gaps in quotation accuracy fully reflect logistical differences—870

the choice to circulate speech transcripts in advance to media agents—the empirical findings point871

to privately-held information and beliefs about media slant as follows.872

Allowing media agents early access to speeches leads to two things. First, it increases quotation873

accuracy (𝐴𝑖 ∈ R+). Second, and on the other hand, early access creates disutility from spin874

(𝑆𝑖 ∈ R+). Let 𝑐1 indicate (early) circulation of speech and 𝑐0 otherwise. A political agent 𝑖 trades875

off between increasing quotation accuracy and spin by choosing whether to circulate. If the speech876

is not circulated, there is no spin, and the media reports the speech at face value, or that 𝑆𝑖 (𝑐0) = 0.877

A political agent, therefore, gains from granting early access if878

𝐴𝑖 (𝑐1) − 𝑆𝑖 (𝑐1) > 𝐴𝑖 (𝑐0), (F1)

where the gain in accuracy is greater than the disutility from spin when circulating the speech in879

advance.880

Political agents care about being quoted accurately, and they care about spin because they want881

control over the framing of their speeches. This precludes the framing pre-agreed upon by both882

parties. As an illustration, a quotation about “raising taxes by x% to improve fiscal position” can883

be misquoted in different ways. One is “raising taxes by x%”, another is “raising taxes by x% to884

stabilize fiscal position”.885

The story itself can have different spins. It can be framed as the government lacking fiscal886

prudence in recent years or as a story about government prescience on future spending needs.887

It can also be threaded into a pre-existing narrative on social spending (or lack thereof). Spin888

increases with early circulation because it gives media agents time to develop or skew the narrative.889

To be precise, spin here has no value judgment but captures only magnitude for simplicity. To this890

extent, spin is undesirable because it takes narrative control away from political agents even if891

there is a non-zero probability that the political agent ends up ‘looking good.’ Without early access892

to develop a richer narrative, the media agent takes the “[improving] fiscal position” narrative at893

face value.894

Here, I rely on the primary and secondary research insights. The institutional fact that a895

separating equilibrium exists, where the ruling-party politicians (𝑖 = 𝑟 ) choose to circulate their896

speeches but the opposition (𝑖 = 𝑜) does not, implies that897

𝐴𝑟 (𝑐1) − 𝑆𝑟 (𝑐1) > 𝐴𝑟 (𝑐0) (F2)



where the ruling-party politicians gain from circulating the speeches but898

𝐴𝑜 (𝑐1) − 𝑆𝑜 (𝑐1) < 𝐴𝑜 (𝑐0), (F3)

where the opposition politicians do not.899

Moreover, if one takes the position where the detected differences in quotation accuracy in
this paper are not reflective of slant but reflective entirely of logistical differences, implies that
𝐴𝑟 (𝑐ℓ ) = 𝐴𝑜 (𝑐ℓ ) = 𝐴(𝑐ℓ ), where ℓ ∈ {0, 1}. In which case, the above two equations (Equation (F2)
and Equation (F3)) collapse into

𝐴(𝑐1) − 𝑆𝑟 (𝑐1) > 𝐴(𝑐0) > 𝐴(𝑐1) − 𝑆𝑜 (𝑐1),

or that900

𝑆𝑜 (𝑐1) > 𝑆𝑟 (𝑐1), (F4)

which says that even if observed differences in accuracy do not originate from slant but from901

choices in advance speech circulation, the separating equilibrium, at the very least, still reveals902

private beliefs about a media that slants towards the ruling party. These beliefs—to the extent903

that interactions between political and media agents are frequent and that media pieces involving904

political agents are frequent—are credible, given ample evidence for updating.905
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