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Abstract

The fundamental question of whether advertising revenue compromises editorial independence has
long been debated in media studies, yet empirical evidence has remained limited due to the difficulty
of systematically analyzing large-scale newspaper content. This thesis investigates the relationship be-
tween advertising practices and editorial coverage in Indian print media, examining whether companies
that advertise more receive more favorable or extensive news coverage.

To conduct this investigation, we developed a scalable computational pipeline employing advanced im-
age processing and Optical Character Recognition (OCR) techniques to systematically extract articles
and advertisements from digital versions of print newspapers with high accuracy. This methodology
enabled us to process and analyze content on a larger scale, overcoming traditional limitations in me-
dia content analysis. Our automated approach successfully parsed newspaper layouts, distinguished
between editorial and advertising content, and extracted text with sufficient precision for quantitative
analysis. Applying this pipeline to five prominent newspapers that span multiple regions and three lan-
guages—English, Hindi, and Telugu—we assembled a comprehensive dataset comprising more than
12,000 editions and several hundred thousand advertisements collected over six years. These newspa-
pers collectively reach a readership exceeding 100 million people, making our analysis representative
of India’s diverse print media landscape. The data set includes publications with varying editorial orien-
tations, geographic focus, and readership demographics, providing robust coverage of the Indian print
media ecosystem.

Our analysis reveals several significant findings on contemporary print advertising practices and their
potential influence on editorial content. Despite declining print circulation trends, advertising levels
have remained remarkably consistent over the six-year study period, suggesting advertisers continue to
value print media’s reach and credibility. We observe systematic patterns in ad placement, with corpo-
rate advertisements appearing disproportionately on prominent pages, while government advertisements
contribute a substantial portion of overall advertising revenue. The data also reveal temporal patterns
in advertising intensity, seasonal variations between different advertiser categories, and regional differ-
ences in advertising strategies.

Most importantly, our regression analyses provide strong empirical evidence that advertising expendi-
ture is correlated with editorial coverage patterns. Companies that advertise more heavily in a newspaper
receive significantly more extensive coverage, and this coverage tends to be more favorable in sentiment
compared to non-advertising entities. This relationship remains statistically robust for different model

specifications, time periods, and advertiser popularity levels. The effect is particularly pronounced for

v



corporate advertisers, suggesting that commercial relationships may indeed influence editorial decisions
in ways that could compromise journalistic independence and potentially mislead readers about the true

newsworthiness or merit of covered entities.
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Chapter 1

Introduction

The relationship between advertising revenue and editorial independence represents one of media
studies’ most lasting and consequential concerns. As news organizations increasingly depend on ad-
vertising income to sustain operations, questions about whether commercial interests compromise jour-
nalistic integrity have become more pressing. The fundamental tension between financial necessity and
editorial autonomy has implications that extend far beyond newsroom economics, potentially affecting
public discourse, democratic processes, and citizens’ access to unbiased information. Despite the crit-
ical importance of this issue, empirical evidence examining the extent to which advertising influences
editorial content has remained limited, mainly due to the methodological challenges of analyzing media
content and advertising patterns at scale.

This thesis investigates advertising practices in print newspapers in India, employing a novel data-
driven approach to examine the characteristics of print advertising and its potential influence on editorial
coverage. Although digital news consumption has experienced exponential growth globally, print news-
papers continue to maintain a significant position in the media landscape, particularly in markets such
as India, where traditional media retain substantial influence and readership. Understanding advertising
patterns and their effects in print media remains crucial for comprehending the broader dynamics of
media economics and editorial decision-making.

The continued relevance of print media is evident both internationally and within India. Globally,
print newspapers maintain substantial trust and readership levels. According to the Pew Research Cen-
ter, 53% of Americans who prefer newspapers for local news opt for print versions over digital formats
[23]. At the same time, the Reuters Institute Digital News Report indicates that 62% of respondents trust
print newspapers compared to only 44% for news websites [28]. This heightened trust level is often at-
tributed to print journalism’s perceived editorial rigor and accountability. Economically, print media
continues generating substantial revenue for major news outlets, with print circulation and advertising
contributing approximately 60-70% of total revenue for several leading U.S. newspapers as of 2023
[15]. The New York Times, for example, reported that about 30% of its total revenue was derived from
print subscriptions and advertising [34]. Additionally, the effectiveness of print advertising bolsters its
continued relevance. A study by NewsMediaWorks found that print newspaper advertisements were 1.5

times more effective in driving purchase intent compared to digital ads [19].



In the Indian context, the significance of print media is even more pronounced. The Indian Read-
ership Survey 2020 reveals that India is the second-largest newspaper market globally, with over 110
million copies sold daily. Print media commands approximately 20% of India’s total advertising expen-
diture, starkly contrasting the global average of just 4%. This substantial market share, combined with
the industry’s anticipated robust growth driven by elections and new product launches, underscores the

continued importance of understanding print media dynamics in the Indian market.

Previous research analyzing advertising at scale has primarily focused on digital newspapers or has
been conducted on limited scales, mainly due to the difficulty of obtaining comprehensive data on print
advertisements. Such data is typically held exclusively by newspapers, making cross-publication com-
parisons impossible, or it requires expensive acquisition from third-party vendors who may lack cover-
age of markets like India. These limitations have constrained researchers’ ability to conduct systematic,

large-scale analyses of print advertising patterns and their potential influence on editorial content.

To address these methodological challenges, this thesis develops a comprehensive pipeline employ-
ing advanced image processing and Optical Character Recognition (OCR) techniques to extract articles
and advertisements from digital versions of print newspapers. We apply this methodology to five pop-
ular newspapers spanning multiple regions and three languages across India—English, Hindi, and Tel-
ugu—representing publications with an aggregated readership exceeding 100 million people. Through
systematic analysis of content spanning multiple years, our pipeline extracts all advertisements pub-
lished in these newspapers and their associated content, creating an unprecedented dataset for analyzing

print media advertising patterns.

Using this extensive dataset, we conduct the first comprehensive analysis addressing fundamental
questions about print advertising: who advertises, what they advertise, when they choose to advertise,
where they place their advertisements, and how they structure their advertising strategies. We focus
particularly on two critical advertiser categories—corporations and government entities—collectively
accounting for approximately half of all advertisements and advertising expenditure in our dataset. Our
analysis reveals significant patterns in print advertising behavior, including the surprising consistency
of advertising levels over the past six years despite declining print circulation, the overrepresentation of
corporate advertisements on prominent pages, and the disproportionate revenue contribution of govern-

ment advertising.

Beyond describing advertising patterns, this thesis addresses a crucial research question at an un-
precedented scale: Does advertising in a newspaper result in more favorable coverage for the adver-
tiser? We provide empirical evidence of the correlation between advertising expenditure and editorial
treatment through regression analyses examining coverage volume and sentiment across various enti-
ties. Our findings demonstrate strong evidence supporting this hypothesis, particularly for corporate
advertisers, indicating clear trends in how advertising influences the extent and tone of coverage. These

relationships prove robust across different time periods and varying levels of advertiser prominence.

The contributions of this research extend beyond the immediate findings about Indian print media.

We introduce novel methodological approaches for systematically analyzing print media content that



can be adapted to other contexts and regions. Our comprehensive dataset offers researchers unprece-
dented access to print media advertising and editorial content, enabling future investigations into media
economics, editorial independence, and advertising effectiveness. Most importantly, our findings con-
tribute to critical discussions about media integrity, providing empirical evidence about how commercial
relationships influence editorial decisions and potentially compromise journalistic independence.

In an era of increasing concerns about media bias, personalization, and the economic pressures facing
news organizations, this analysis offers insights into the complex relationships between advertisers and
media outlets. By enhancing transparency and understanding of advertising practices and their potential
influence on news content, this thesis contributes to broader discourse on media integrity, informed

citizenship, and the health of democratic institutions that depend on independent journalism.



Chapter 2

Literature Review

Media Bias and Advertising Influence. The media is often regarded as the “Fourth Estate,” under-
scoring its vital role in upholding democratic societies by providing unbiased and factual reporting.
This concept emphasizes the media’s responsibility to act as a watchdog, holding power structures ac-
countable and fostering informed public discourse. According to McChesney [17], a healthy democracy
necessitates a free and independent press that delivers diverse viewpoints without undue influence from
external forces. However, maintaining editorial independence has become increasingly challenging due
to commercial pressures [30] and the consolidation of media ownership. Bagdikian [1] highlights how
media conglomerates can compromise journalistic integrity by prioritizing profit over the public interest,
leading to homogenized content and potential biases. The tension between upholding democratic values
and meeting commercial objectives creates a dilemma for media outlets. Hamilton [12] explores how
economic incentives influence news production, suggesting that market demands often shape what gets
reported rather than purely journalistic considerations. In this context, auditing newspapers is crucial to

ensure they adhere to ethical standards and continue to serve their role as the Fourth Estate.

The imperative for profitability significantly influences editorial decisions within media organiza-
tions. Picard [24] examines the economics of media companies, highlighting that revenue genera-
tion—particularly through advertising—often takes precedence over journalistic ideals. This commer-
cial focus can lead to content that appeals to advertisers or attracts larger audiences, potentially at the

expense of investigative journalism or critical reporting.

Croteau and Hoynes [4] discuss how media outlets navigate the balance between maintaining edito-
rial integrity and satisfying corporate interests. They argue that dependence on advertising revenue can

result in self-censorship or the avoidance of topics that might alienate advertisers.

* This chapter is based on our paper: Harsha Vardhan Nemani, Ponnurangam Kumaraguru, and
Kiran Garimella. 2025. ‘“Analyzing Patterns and Influence of Advertising in Print News-
papers.” In ACM SIGCAS/SIGCHI Conference on Computing and Sustainable Societies (COM-
PASS °25), July 22-25, 2025, Toronto, ON, Canada. ACM, New York, NY, USA, 17 pages.
https://doi.org/10.1145/3715335.3735468




This balancing act affects the type of news that gets published, as media companies strive to attract
and retain advertisers while attempting to uphold the standards of independent journalism. Under-
standing these dynamics is essential for analyzing how economic factors shape media content and the

implications for democratic discourse.

Media Bias Favoring Advertisers. Empirical studies have provided evidence that advertising rev-
enue can influence editorial content, resulting in media bias favoring advertisers. Reuter and Zitzewitz
[27] examined the financial media and found that publications tend to offer more favorable coverage
to firms that advertise with them. Their analysis revealed a positive correlation between the amount of
advertising purchased by a company and the tone of editorial content it receives, suggesting that editors
may compromise journalistic objectivity to maintain advertising relationships. Similarly, Di Tella and
Franceschelli [6] investigated the impact of government advertising on media coverage of corruption
scandals in Argentina. They discovered that newspapers receiving substantial government advertising
were less likely to report on corruption cases involving government officials. This dependence on adver-
tising revenue from influential entities can lead to the suppression or under reporting of negative news
about those entities. Similar trends have also been observed in India [5, 20]. Ellman and Germano [7]
developed a theoretical model demonstrating how advertisers’ preferences can shape news content as

media outlets balance the need to attract audiences with the desire to secure advertising income.

Ownership structures and corporate interests significantly influence media content, often leading to
biased reporting. Gentzkow and Shapiro [9] analyzed U.S. daily newspapers and found that the slant
of news coverage is affected by both the ideological preferences of the audience and the ownership of
the media outlet. Their study suggests that media owners may cater to audience biases to maximize
circulation and profits, resulting in a consistent content slant that aligns with specific viewpoints and
potentially limits the diversity of perspectives available to the public.

Gilens and Hertzman [11] explored how corporate ownership affects news bias by examining news-
paper coverage of the 1996 Telecommunications Act. They found that newspapers owned by companies
with significant television interests provided more favorable coverage of the Act, which stood to benefit
their corporate holdings. This indicates that corporate interests can directly influence editorial deci-
sions, leading to reporting that serves the owners’ financial agendas. Government entities and large
corporations often use advertising spending as a tool to influence media coverage, potentially leading to
favorable reporting or the suppression of negative news. Prat and Stromberg [25] discussed the political
economy of mass media, emphasizing how governments can manipulate news content through financial
means such as advertising budgets. Their analysis highlighted that media outlets reliant on government
advertising may avoid negative reporting on governmental actions to secure continued funding, thereby
compromising journalistic independence. Herman [13] proposed the “propaganda model,” arguing that
media outlets serve the interests of their corporate owners and advertisers by filtering news content to
align with those interests and marginalizing dissenting voices. This structural analysis highlights how

ownership and financial dependencies can systematically bias media content.



Challenges in print media analysis. Obtaining large-scale data from print media poses significant
challenges due to limited access, high costs, and the proprietary nature of data held by newspapers or
third-party vendors. Gentzkow et al. [10] highlighted these difficulties in their historical analysis of
U.S. newspapers, where data collection involved extensive archival research and manual digitization.
The scarcity of digitized archives for print newspapers contrasts sharply with the abundance of data
available from digital media, creating a barrier for researchers aiming to conduct comprehensive studies

on print media content and its impact.

Puglisi and Snyder Jr [26] discussed the obstacles in assessing media bias and content diversity due
to these accessibility issues. The proprietary nature of print media archives often requires researchers to
secure expensive licenses or subscriptions, limiting the scope and scale of potential studies. Peiser [22]
noted that declining newspaper readership has led to reduced investments in archiving and data preserva-
tion, further exacerbating the problem. These challenges the need for innovative solutions to access and
analyze print media content, such as developing collaborative partnerships with media organizations or
leveraging public archives where available. Advancements in technology, particularly in Optical Char-
acter Recognition (OCR) and computational methods, have begun to mitigate some of the challenges
associated with analyzing print media at scale. Smith [33] provided an overview of the Tesseract OCR
engine, an open-source tool that has significantly improved the accuracy and efficiency of converting
scanned print documents into machine-readable text. This development enables researchers to process
large volumes of print media content, facilitating quantitative analyses that were previously impractical

due to resource constraints.

Media Bias and Advertising Influence in the Indian Context. Government advertising and corpo-
rate interests significantly impact media coverage in India, potentially leading to biases in reporting.
[5] investigated the relationship between government advertising expenditures and media coverage of
corruption scandals. Their study found that newspapers receiving substantial government advertising
were less likely to report on corruption cases involving government officials, suggesting that financial
dependence on government advertising can compromise journalistic independence and lead to self-
censorship. Keane [16] delve into the concept of “media decadence” in Indian democracy, arguing that
the increasing commercialization of media has led to a decline in journalistic standards. They assert
that corporate ownership and the pursuit of profit have resulted in media outlets prioritizing sensation-
alism and entertainment over critical reporting and accountability. Neyazi [20] explores how satellite
news channels have transformed Indian television, noting that the reliance on advertising revenue drives
media organizations to cater to the preferences of advertisers and audiences, sometimes at the expense
of objective journalism. This entanglement of government and corporate interests with media opera-
tions raises concerns about the potential for biased reporting and underscores the challenges faced in
maintaining an independent press in India. Media participation and independent press are essential to
a healthy democracy because they help inform the public about important policy issues and expose
wrongdoing by governments and corporations. Media and Newspapers also play a vital role in forming

public opinion, which incentivizes private and political entities to develop a favorable relationship with



media houses to promote friendly coverage. Media houses, too, are dependent on these private and po-
litical entities since they are financially dependent on advertising from these entities. This dependence
pressures media houses to make editorial decisions based more on economic considerations than on
traditional journalistic values. While newspapers separate their business’s editorial and marketing sides,
real-world examples suggest that advertisers can influence editorial decisions. As a result, there is a
growing risk that media companies may start shaping their content and strategic choices, including the
selection of stories, primarily to maximize profits rather than uphold good journalism standards, as seen
in increased advertisements, promotional news, and sponsored content.

Newspapers also carefully cater to consumers and advertisers to maximize their profits. On one side,
consumers have specific preferences for the content they engage with, while advertisers seek to appeal to
consumers who can be influenced by the content. As a result, newspaper outlets often slant their content
to match consumer preferences or meet advertisers’ demands. Sometimes, both effects push content in
the same direction, and hence, it is hard to identify if it is due to consumer or advertiser interest, making
it challenging to directly correlate between ad spending and content as evidence of advertisers’ influence

on the content.



Chapter 3

Data And Methodology

3.1 Data

Our data collection involves scraping the archives of the print newspapers (also known as ‘epapers’)
in India. We focus on five major news sources, which are among the country’s most popular: The Times
of India, Hindustan Times, and The Telegraph (English sources), as well as Dainik Bhaskar (in Hindi),
and Sakshi (in Telugu). Times of India is India’s most circulated English newspaper; Hindustan Times
is a close second, and The Telegraph is also widely read and most circulated in the state of West Bengal.
Dainik Bhaskar and Sakshi are among the most circulated Hindi and Telugu newspapers. Some of these
sources are chosen because of their high circulation and consistent availability of e-papers for the time
period of interest. For each source, we crawled e-papers from the respective sites from the timelines
mentioned in Table 3.1. We also collected papers from the same sources from multiple metropolitan

cities to understand any regional effect.

Table 3.1: Newspaper Data Comparison: The columns include the newspaper source, the time period of
data collection, and the cities or zones covered.

Source Time Period Cities / Zones # Editions | # Pages | # Articles | # Ads
Hindustan Times | July 2019 - June 2024 | Delhi, Mumbai 3,547 71,130 442,300 150,898
Times Of India Dec 2021 - Jun 2024 | Delhi, Mumbai, Chennai, Kolkata 3,724 123,638 | 800,171 | 465,435
Telegraph May 2018 - Feb 2024 | Kolkata 2,077 29,556 159,081 93,928
Dainik Bhasker Sept 2021 - Jun 2024 | Delhi 1,016 13,995 56,031 14,862
Sakshi Oct 2022 - Jun 2024 Hyderabad, Telangana, Andhra Pradesh 1,994 32,465 162,232 111,250

The data collected primarily consists of page-level images. However, additional metadata was avail-
able for The Times of India and Hindustan Times. This metadata includes bounding box information
for different page segments, division of articles and advertisements, and textual data corresponding to
articles, though advertisements lacked associated text. This availability of metadata aided us in making
a custom image segmentation model for processing other sources. Since the article text was already pro-
vided, we only needed to apply Optical Character Recognition (OCR) to the advertisements for these

sources.



3.2 Methodology

3.2.1 Image Segmentation Model

The foundation of our newspaper content segmentation approach required careful consideration of
available datasets and their suitability for distinguishing between advertisements and editorial content.
Two prominent Indian newspapers: the Hindustan Times and the Times of India had such content avail-
able with bounding box information classifying articles and ads. The Hindustan Times dataset proved
to be the most suitable for our specific use case. This dataset contained structured information with
bounding box annotations that directly indicated whether content regions were classified as advertise-
ments or articles. The simplicity and clarity of this binary classification system aligned perfectly with
our research objectives, eliminating the need for additional preprocessing or label transformation. In
contrast, while the Times of India dataset offered comprehensive annotations, it provided information at
a significantly more granular level, which was unnecessary for our use case.

The final dataset comprised 1,024 high-resolution newspaper page images, each containing multiple
content regions with corresponding bounding box annotations. The dataset was strategically partitioned

to ensure robust model training and evaluation:

* Training Set: 851 images (83.1% of total dataset)

» Testing Set: 151 images (14.7% of total dataset)

* Validation Set: 22 images (2.2% of total dataset)

This distribution follows established best practices in machine learning, allocating the majority of data
for training while maintaining sufficient samples for both validation during training and final perfor-
mance evaluation. The relatively small validation set reflects the limited total dataset size while still
providing meaningful feedback during the training process.

Prior to model training, all newspaper page images underwent a preprocessing pipeline designed to
address common issues in scanned or digitized newspaper content. The preprocessing steps included:
Orientation Correction and Resolution Standardization. Given the varying sources and scanning condi-
tions of newspaper images, resolution normalization was essential. All images were resized to a standard
resolution that balanced computational efficiency with preservation of critical visual features necessary
for accurate content segmentation. This standardization ensured consistent input dimensions for the
deep learning model while maintaining sufficient detail for distinguishing between advertisements and

articles.
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Figure 3.1: Newspaper page before and after segmentation.

The segments are then cropped and processed through the rest of the pipeline. The segmentation
model processes the images with confidence and IOU thresholds of 0.1, and then the identified regions
are cropped with a margin of 10 pixels.

We also used 1024 pages for training the model despite having access to larger training datasets,
primarily since the performance degraded with larger datasets. Given the importance of a balanced
approach in identifying both articles and advertisements accurately, we selected the first model for fur-

ther analysis due to its superior mAP, which provides a better overall measure of detection performance
across all classes.

Table 3.2: Results for ad detection based on training data size.

Dataset Size | mAP | Precision | Recall
1024 96.8% | 86.9% 88.8%
9329 95.3% | 83.5% 97.8%

3.22 OCR

Once the Image Segmentation model processes the images, for each individual segment of the image
identified as an advertisement or article, we apply a combination of OCR models based on the lan-
guage and content type. For English-language articles, we use Tesseract OCR [32] because its page

10
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Figure 3.2: Processing Indic Image Segments.

segmentation modes effectively retrieves text in the manner of reading order which makes it suitable for
structured article content where text flow is crucial, moreover, it achieves an error rate of less than 5%,
ensuring high accuracy in text retrieval.

However, Tesseract OCR faces significant challenges in English-language advertisements due to ir-
regular layouts, diverse fonts, and random text arrangements, which reduce Tesseract’s performance. To
overcome this, we use PaddleOCR [21], which maximizes text extraction from more complex layouts,
such as advertisements, when the reading order is not a priority. Since the reading sequence in adver-
tisements is generally less structured, PaddleOCR’s robust extraction capabilities make it the ideal tool
for this task.

For content in Indic languages (Hindi and Telugu in our dataset), we employ SuryaOCR [36], as both
PaddleOCR and TesseractOCR perform poorly with these languages and Surya OCR’s performance
being close to 1% error rate. Although Surya does not extract text in reading order, we address this
limitation by leveraging its ordering and segmentation capabilities. We first use Surya to segment the
text components in reading order, generate a new image based on these segments, and then apply the
OCR process. For English Articles, We leverage Tesseract OCR and its Page Segmentation Modes
to extract text in reading order, but due to no similar functionality in Surya OCR, We first generate a
reading order from the image segment using Surya OCR, then process the image into a manner which
is sequentially in reading order and then run Surya OCR on the processed image. A detailed run of
the process can be seen in Fig 3.2 . Although Surya OCR does not perform as well on advertisement
data compared to articles, it remains the most effective solution currently available for processing Indic-

language text [35].

3.2.3 Translation

After extracting the Indic language text using Surya OCR, we translate it into English using the
IndicTrans2 [8] model. IndicTrans2 is a multilingual neural machine translation model designed to
handle translation across 22 Indian languages and English. It is built on the encoder-decoder trans-
former architecture and trained using the FairSeq framework. IndicTrans2 employs a shared vocabulary

and language-agnostic embeddings, enabling zero-shot and few-shot translation between low-resource

11



Indian languages, ensuring that we can convert the regional language content into English for further
analysis. Since our study does not primarily analyze the content of the articles and only uses key-
words to filter different advertisers/content, the minor errors introduced by translation do not affect the
study. This step ensures that we can compare articles and advertisements from all sources in a uniform

language.

3.2.4 Panel Regression

To quantitatively assess the relationship between advertising and editorial coverage, we employ
panel regression models, a statistical technique commonly used in the social sciences and economet-
rics to analyze data that varies across both time and entities. Panel data—also known as longitudinal
data—consists of observations for multiple units (such as companies or newspapers) collected over
several time periods. This structure allows us to control for unobserved heterogeneity that might bias
simpler cross-sectional or time-series analyses.

Panel regressions are particularly well-suited to our study because we analyze multiple advertisers
across multiple newspapers over several months and years. Each unit (e.g., a specific company in a
specific newspaper) may have characteristics that do not change over time—such as a newspaper’s
general editorial leaning or a company’s typical public image. By using fixed effects, we can control
for these unobserved, time-invariant characteristics and isolate the effect of advertising intensity on
coverage outcomes like sentiment or volume.

In our analysis, the key explanatory variable is the weighted ad ratio, a proxy for advertising promi-
nence that accounts for both the area of an advertisement and the cost associated with its placement
(e.g., front page vs. inside page). Our dependent variables include measures of editorial coverage, such
as the total sentiment of articles mentioning a company or the count of such articles. By regressing these
outcomes on the weighted ad ratio while including fixed effects for time and media-company pairs, we
aim to uncover whether entities that spend more on advertising receive more favorable or extensive
coverage.

This approach allows us to examine correlations while rigorously accounting for structural differ-
ences across newspapers and time periods. It forms the core of our empirical strategy to investigate
whether economic incentives—specifically advertising—shape the editorial landscape in Indian print

media.
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Chapter 4

Analysis

Our dataset offers a unique opportunity to analyze the nature of advertisements in print newspapers
at an unprecedented scale. The methodology we developed is highly scalable and applicable to any
newspaper, regardless of language or nation, potentially providing much-needed transparency in the
print advertising landscape.

We focus on differentiating between government and corporate advertising expenditures. These two
categories of advertisers roughly make up 50% of both the volume and spending on advertising. Ad-
vertising on the first, third, and last pages of a physical newspaper is of significant importance due to
higher visibility and reader engagement [18, 29]. These pages are considered premium spots and com-

mand higher advertising prices.

Keyword Identification. For identifying articles and ads related to governments, we first identify arti-
cles related to government corruption using a manually curated set of keywords such as “bribe,” “scam,”
“corrupt,” and other relevant terms commonly found in corruption-related articles. Government adver-

99 ¢

tisements are classified by detecting keywords like “government,” “state,” and “tender” in the ad text. In
this study, “government” is used specifically to refer to state and national institutions rather than local
political entities or parties. The complete set of keywords used to identify both government articles
and ads is provided in Appendix 5.4. Our keyword-based approach demonstrates strong performance,
achieving an F1 score of 0.94 and an accuracy of 0.94 when validated against 100 advertisement sam-
ples, confirming the completeness of our keyword selection.

For the corporate analysis, we select a subset of the most prominent advertisers reported in TAM
Media Research India’s quarterly reports.! These companies represent key sectors such as Fast-Moving
Consumer Goods (FMCG), Automobile, Technology, Education, and other major industries. Keywords
associated with each company are derived from popular products and common terms used to refer
to that company. A comprehensive list of the companies and their corresponding keywords can be
found in Appendix 5.5. Our methodology assumes that any potential misclassifications at the keyword
identification stage are randomly distributed across page numbers and page areas, which are the only
two factors that could potentially influence our regression analyses and graphical representations, thus

"https://tamindia.com/
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minimizing systematic bias in our findings. Using these keywords, we extract relevant articles and
advertisements for each entity, enabling a focused analysis of their advertising patterns. Now that we
have an approach for identifying corporate articles and advertisements and government articles and
advertisements, we ask the following question. In order to systematically examine the patterns and
potential influence of advertising in Indian print newspapers, this study is guided by the following core

questions:

1. Who is advertising in print newspapers? We identify and categorize the major advertisers across
our dataset, distinguishing between government bodies (central and state agencies) and private
corporations. By quantifying the total number, size, and expenditure of ads from each group,
we aim to understand the key drivers of print advertising and their relative prominence across

different newspaper sources.

2. Where are the advertisements being placed within the newspaper? Advertisement positioning—especially
on premium pages like the front, third, and back—is a crucial factor in determining visibility and
cost. We analyze ad placements by page number and compare how different entities prioritize

high-visibility real estate.

3. How do different advertisers design and scale their ads? Beyond placement, ad characteristics
such as size (full-page, half-page, etc.), frequency, and format reflect underlying strategies. We
examine the distribution of ad sizes and layouts across government and corporate sectors, reveal-

ing their respective preferences for space utilization and design conventions.

4. When are advertisements being published? Temporal patterns offer insight into advertiser in-
tent and responsiveness to events. We explore advertising trends over months and years, noting

fluctuations due to elections, economic disruptions like COVID-19, and industry-specific cycles.

5. What is the thematic content of these advertisements? Using topic classification models, we
investigate the dominant themes in ads (e.g., business, health, education) and compare them with
the thematic distribution in editorial articles. This provides a window into sectoral focus and

communication priorities across advertiser types.

6. Does increased advertising expenditure influence editorial coverage? The core evaluative compo-
nent of our study assesses whether a higher proportion of advertisement space devoted to an entity
correlates with more favorable sentiment or greater frequency of editorial mention. Through re-
gression analyses, we measure whether advertising is predictive of positive media portrayal and

test whether this effect differs between corporate and government advertisers.

4.1 Who is advertising?

Understanding who advertises in print newspapers is a foundational step in analyzing the broader

dynamics of media funding and potential editorial influence. In this study, we categorize advertisers
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into two major groups: government entities (which include both central and state-level agencies) and
private corporations (including companies across sectors such as FMCG, automobiles, technology, ed-
ucation, and finance). These two groups together make up the vast majority of advertising volume and
expenditure in our dataset, and they reflect distinct strategic and institutional motivations for engaging

with print media.
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Figure 4.1: Spending by Companies and Government.

Figure 4.1 illustrates the absolute advertising expenditure for both government and corporate entities
across the entire dataset. The data reveals that government bodies are the largest contributors to print
advertising, with their expenditure notably exceeding that of private companies. Specifically, corporate
advertisers account for approximately $890 million in print advertising during the study period, whereas
government entities contribute roughly $1.02 billion. This is a noteworthy finding, indicating that public
sector institutions are not only active but dominant players in the print advertising space.

These cost estimates are calculated by multiplying the area occupied by each advertisement with the
cost per square centimeter. Importantly, this cost varies across several dimensions: the position of the ad
on the page (e.g., front page, interior), the edition of the newspaper (e.g., Delhi vs. Mumbai editions),
the specific newspaper source (e.g., Times of India vs. Dainik Bhaskar), and the overall size of the ad.
Table 5.1 provides a detailed breakdown of the ad rates across newspapers and editions, which are used
to compute these expenditure values.

This dominant share of government advertising challenges common assumptions that corporate en-
tities are the primary financial drivers of news media. It also raises important questions about the extent
to which public institutions—whose ad campaigns are often legally mandated—affect the financial de-

pendencies and editorial autonomy of print media outlets. As we demonstrate in subsequent sections,
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this distinction becomes particularly relevant when assessing the correlation between ad spending and

the nature of media coverage.

4.2 Where are the Advertisements Being Placed?

Advertisement placement within a newspaper plays a critical role in determining its visibility and
cost. To analyze the spatial preferences of different advertisers, we categorize each advertisement by
its page placement. Following industry standards (see Appendix 5.3), we define premium pages as the
first, third, and last pages of the newspaper—positions that are typically considered high-impact due to
their prominence and reader attention. All other pages are classified under non-premium pages.

To capture the nuances of ad placement strategies by government and corporate entities, we compute
four key metrics: (1) the frequency of ad placements on specific pages, (2) the average proportion of
page area occupied when an ad appears on a given page, (3) the overall contribution of each page type to
the entity’s total ad area, and (4) the proportion of advertising budget allocated to different page types.
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Figure 4.2: Percentage of ads placed on each page category (premium vs. non-premium) by entity type.
Corporations disproportionately advertise on premium pages, while government ads are mostly placed
on non-premium pages.

Figure 4.2 presents the distribution of ads across premium and non-premium pages. The data shows
a stark contrast between the two advertiser groups. Government advertisements overwhelmingly appear
on non-premium pages, with 88.4% of their placements falling outside the first, third, or last pages.
This pattern reflects a tendency toward broader dissemination rather than concentrated visibility. On the
other hand, corporate entities demonstrate a clear preference for premium pages, with 27.9% of their
ads placed on these high-value locations. This suggests that companies are strategically targeting pages
with greater reader engagement, likely in pursuit of higher returns on advertising investment.

Figure 4.3 shows the average area occupied by advertisements on premium pages. When govern-

ments do advertise on the front page, their ads occupy an average of 55.3% of the page area. Corporate
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Figure 4.3: Average percentage of page area occupied by ads on premium pages.When placed on pre-

mium pages, government ads occupy as much space as corporate ads, indicating selective but substantial
investment.

advertisements on these same pages occupy an average of 57.1% of the area. Although government ads
are less frequently found on premium pages, when they do appear, they tend to be similarly sized to
corporate ads. This suggests that government bodies are willing to invest in high-visibility ad real estate
on select occasions, particularly for major announcements or public campaigns.
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Figure 4.4: Total percentage of ad area contribution by page category.Corporate advertisers concentrate a
larger share of their total ad area on premium pages, unlike governments who favor broader distribution.

In Figure 4.4, we normalize the total area occupied by ads to analyze the proportional share con-
tributed by premium pages. For corporate advertisers, 27.9% of their total ad area is concentrated on

premium pages, reinforcing their strategy to capture reader attention in key locations. By contrast, only
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11.6% of government ad area is allocated to these pages, confirming a more distributed approach to ad

placement.
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Figure 4.5: Percentage of total ad spending allocated to each page category.

Finally, Figure 4.5 presents the share of total advertising expenditure directed toward premium pages.
Corporate entities dedicate a substantial 31.6% of their total print advertising budget to the first, third,
and last pages. This investment is indicative of their intent to secure prime locations that offer maximum
visibility and impact. In contrast, government ad spending is more evenly distributed across all pages,
with no significant bias toward high-cost placements. This may be reflective of procedural mandates to
disseminate public information widely rather than to target engagement or maximize attention.

Taken together, these observations underscore a fundamental divergence in advertising strategies.
While corporate advertisers prioritize visibility and impact through concentrated spending on promi-
nent pages, government advertisers appear to prioritize broader coverage across the newspaper. This
distinction not only reveals differing strategic objectives but also sets the stage for exploring how these

patterns may correlate with editorial coverage in subsequent sections.

4.3 How Do They Advertise?

To understand the strategic behavior of advertisers in print media, it is crucial to examine the format,
size, and placement of the advertisements they deploy. These aspects not only reflect underlying cost
considerations but also signal the advertiser’s intent—whether to maximize visibility, maintain sustained
presence, or target specific audiences. In this section, we analyze both the spatial footprint and page-
level positioning of ads by government entities and corporate advertisers.

Figure 4.6 presents the cumulative distribution function (CDF) of advertisement sizes as a fraction
of the newspaper page. A clear divergence emerges between government and corporate advertising
behavior. Government entities predominantly utilize smaller ad formats, with approximately 85% of

their advertisements occupying less than 10% of a page. Full-page advertisements are extremely rare
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CDF Comparison: Government vs Companies
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Figure 4.6: Cumulative distribution function (CDF) of advertisement sizes, showing a strong preference
among government entities for smaller ads and a distinct concentration of corporate ads at standardized
sizes.

for government bodies, constituting only about 1% of their total ads. This suggests a preference for
broad, low-cost visibility—often in line with regulatory mandates for information dissemination rather

than marketing campaigns.

In contrast, corporate advertisers show a pronounced preference for larger, more standardized ad
sizes. The CDF reveals distinct jumps at 25%, 50%, and 100% of page area, corresponding to quarter-
page, half-page, and full-page ads, respectively. This structured pattern suggests a deliberate choice to
adopt industry-standard sizes that are both easily recognizable and optimized for visual impact. The use

of larger ad formats reflects the commercial goal of maximizing reader attention and brand visibility.

Beyond size, advertisers also exhibit preferences in page parity—specifically, a consistent bias to-
ward placing ads on odd-numbered pages, which are typically right-facing and more immediately vis-
ible during page turns. Our analysis reveals that corporate ads are significantly more likely to appear
on odd pages (42,724 instances) compared to even pages (29,393 instances), indicating an alignment
with established industry norms that regard right-hand pages as premium locations due to higher reader
engagement. Our multilingual and multi-source dataset further enables the examination of language-
specific and region-specific advertising strategies. Companies such as Amazon and Patanjali show a

strong preference for advertising in Hindi-language newspapers, as shown in Figure 4.7. This suggests
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Top 15 Companies: Total Ads and Source-wise Distribution
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Figure 4.7: Percentage of ads provided by the top 15 advertisers in the 5 papers in our dataset.

a targeted outreach toward Hindi-speaking demographics, which constitute a major segment of the In-
dian readership base. Similarly, companies tend to reserve larger ad formats for national English dailies,
especially full-page advertisements, as illustrated in Figure 4.8a. This may reflect an intent to capture
attention among urban, English-literate, and higher-income audiences.
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Despite these large-format strategies, a substantial number of advertisements—across both govern-
ment and corporate sectors—are concentrated within the 5% to 10% range of page area. As visualized
in Figure 4.8b, this trend points to the widespread use of small-sized ads as a cost-effective mechanism

to maintain brand or institutional visibility while limiting expenditure.

Analyzing ad formats by sector reveals additional heterogeneity. Educational institutions, for in-
stance, overwhelmingly favor full-page ads, likely to accommodate extensive details on academic of-
ferings, admissions, and institutional branding (Figure 4.9a). In contrast, insurance companies exhibit

a preference for half-page ads (Figure 4.9b), while technology companies display a broader distribution
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Figure 4.9: Sector-wise distribution of ads across newspapers.

across quarter-page, half-page, and full-page formats (Figure 4.9¢). These differences underscore the

varying communication needs and marketing strategies adopted by each industry.

In summary, corporate advertisers demonstrate a structured and visibility-oriented approach through
standardized ad formats and premium placements, whereas government advertisers emphasize widespread
reach through smaller, cost-distributed ad units. These choices are reflective not only of marketing ob-
jectives and budgetary priorities but also of the regulatory, demographic, and institutional contexts in

which each advertiser operates.

4.4 When Are the Advertisements Being Placed?

Understanding the temporal dynamics of advertising provides critical insight into how external events
and seasonal patterns shape advertiser behavior. To examine these trends in print media, we analyze the
share of newspaper area occupied by advertisements over time, measured monthly from May 2018 to
May 2024. Figure 4.10 presents the average monthly advertisement area ratio across all five newspaper

sources in the dataset, along with source-level breakdowns.

Across this six-year period, advertising consistently occupies approximately 35% of the total news-
paper area on average. This relatively stable figure underscores the persistent role of print advertising
in India, even as digital media channels have expanded in reach and usage. The sustained advertiser
presence highlights the continued value attributed to print as a credible and high-impact medium, par-

ticularly for reaching diverse linguistic and regional populations.

Nevertheless, the time series reveals significant dips in advertising volume during specific periods
of national disruption. Most notably, there is a sharp decline in early 2020 coinciding with the onset
of the COVID-19 pandemic. During the peak of India’s first nationwide lockdown (April and May
2020), the advertisement area ratio dropped to nearly 10%, reflecting a collapse in commercial activity
and heightened economic uncertainty. A similar, though less severe, contraction is observed in mid-
2021, corresponding to the second wave of the pandemic. Both episodes demonstrate the sensitivity of

advertising budgets to broader economic and public health crises.
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Figure 4.10: Monthly advertisement area ratio by source and aggregate average (May 2018 — May
2024).

Disaggregated trends across newspapers reveal notable variation by source. The Times of India
(TOI), India’s largest English-language daily, consistently shows a higher percentage of its pages occu-
pied by advertisements, averaging around 40% over the full period. This suggests a strategic preference
among advertisers for TOI, likely driven by its strong readership among urban, English-speaking, and
higher-income demographics. In contrast, Dainik Bhaskar, a prominent Hindi-language newspaper,
records a significantly lower advertising density of approximately 20%, indicating both audience seg-
mentation and differences in ad pricing or editorial volume.

Despite these short-term disruptions, the overall consistency in ad space allocation reaffirms the en-
during relevance of print advertising in India. It continues to serve as a critical communication channel,
especially in regional markets where newspapers remain a primary source of daily information. These
findings highlight the resilience of print media, even in an evolving digital landscape, and suggest that

advertisers continue to see strategic value in maintaining a presence in physical newspapers.

4.5 What Are the Advertisements About?

Beyond placement and frequency, understanding the thematic focus of advertisements provides in-
sight into the strategic priorities of advertisers. To investigate the content focus of the ads in our dataset,
we employed automatic topic classification on the extracted advertisement texts. For this purpose, we
utilized a publicly available RoBERTa-based transformer model fine-tuned on a labeled corpus of New

York Times articles.”> This model, trained to predict editorial topics, categorizes input text into one

https://huggingface.co/dstefa/roberta-base_topic_classification_nyt_news
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of eight high-level thematic classes, making it well-suited for comparative analysis across articles and
advertisements.

42.8%
40/ Il Articles
Advertisements
351
— 2205 31.6% 30.3%
X 301 '
[0)
o251
O
I=
) 20 17.6%
ht
9 15
10 10.4% 10.0% 10.2%
5, . o 4.0%
2.4% 16% 0% 150 .1.2% 0.9% 1.1%
[ | || i
% N x> & & > & &
<& Qp*& & & & @Q’Q & éd\
P o XD %
> &
e &
\(0 <
&
Topics

Figure 4.11: Distribution of topics in advertisements and editorial articles across the dataset.

Figure 4.11 illustrates the distribution of topics identified in both advertisements and article content.
While both content types span a diverse range of topics, notable divergences emerge. Advertisements
are heavily skewed toward business, health, and technology categories, indicating the dominance of
commercial and service-oriented communication in print advertising. This is consistent with the high

representation of sectors such as consumer goods, hospitals, educational institutions, and digital plat-
forms among our identified advertisers.

In contrast, topics such as crime, public safety, and death—which frequently appear in editorial arti-
cles—are significantly underrepresented in advertisements. This discrepancy reflects the fundamentally
different communicative goals of editorial content versus advertising: while the former aims to inform
and report across the full spectrum of societal issues, the latter is predominantly focused on persuasion,
branding, and information dissemination for targeted services.

Obituaries, although technically advertisements in most newspapers, also account for a small portion

of ads under the death category. However, their volume remains relatively low in comparison to the
dominant themes mentioned above.
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The results underscore the utility of topic modeling as a tool to capture the high-level communica-
tive intent of different forms of media content, and to systematically distinguish between editorial and

sponsored material.

4.6 Do Advertisers Get Positive Coverage?

Building upon the analyses of advertisement content, placement, and strategy presented in earlier
sections, this chapter addresses a pivotal research question: Does advertising in a newspaper influence
the editorial coverage that advertisers receive? Specifically, we examine whether greater advertising
investment by either corporate or government entities is associated with more favorable news coverage
in terms of both sentiment and the volume of articles.

The possibility that advertisers may shape editorial outcomes has long been debated in media eco-
nomics and political communication. Prior research has shown that advertiser interests can influence
reporting tone, especially when media organizations are financially dependent on a small number of
revenue sources [6, 31]. For example, Di Tella and Franceschelli [6] demonstrated that newspapers
receiving substantial car company advertisements were less likely to report negatively about car-related
issues. Similarly, Smet and Vanormelingen [31] highlighted how state-sponsored advertising can bias
coverage of corruption.

Inspired by these findings, our study investigates this relationship at scale across five major Indian
newspapers. We introduce measurable proxies for both advertising investment and news coverage in
order to facilitate a robust, data-driven analysis.

For advertising, we define the Weighted Ad Ratio as a proxy that incorporates both the size and

strategic placement of advertisements. This ratio is defined as:

Ad Area

Weighted Ad Ratio = Scaling Factor -
Page Area

The scaling factor captures the relative importance and cost associated with ad placement, varying
across page number, edition, and city. These factors are computed using publicly available ad rate cards
for all newspapers in our dataset. For instance, if the base rate per square centimeter for an ad in The
Times of India is $x, and the rate for a front-page ad is $y, the scaling factor for that position is computed
as y/x. The final ratios account for page dimensions to normalize cross-source comparisons. A detailed
breakdown is provided in Table 5.1 and Appendix 5.3.

For news coverage, we consider two outcomes:
1. Total Sentiment: The sum of sentiment values of all articles referencing the advertiser.
2. Article Count: The number of articles in which the advertiser is mentioned.

Sentiment values are derived using the cardiffnlp/twitter-roberta-base-sentiment-latest

model [3], which classifies text into positive (+1), neutral (0), or negative (-1) sentiment. Despite being

24



originally trained on social media text, the model has demonstrated strong generalization and robust-
ness across domains, and was found more reliable than lexicon-based alternatives like VADER [14] in

preliminary evaluations.

4.6.1 Regression Framework

We employ a panel regression approach to understand the correlation between advertisement and
news coverage, given that our dataset is structured with observations across multiple entities (such as
news outlets and regions) over time.

The correlation between the advertising space and article sentiment (or coverage) is then analyzed
using a panel regression model. Specifically, we regress the total sentiment of the articles (or coverage)
on the weighted ad ratio occupied by the company’s advertisements while incorporating fixed effects

for media-company combinations and time [2]. The regression follows the structure:

Yinnt = o+ 3 - Weighted Ad Ratio,,,,,; + Ymn + 0 + €mnt

where Y, represents either Total Sentiment,;,,,; or Article Count,y,;.

where « represents the intercept, serving as the baseline level of the dependent variable. The coeffi-
cient 5 quantifies the effect of the percentage of page area occupied by company n’s advertisements in
newspaper m during time period ¢, denoted as area,, ;. The term ~,,,, captures the media-company fixed
effects, accounting for unobserved heterogeneity between different newspapers and companies. Time-
fixed effects are incorporated through ¢&;, which accounts for variations over daily, weekly, or monthly
time periods. Finally, €,,,; is the error term that captures the unexplained variation in sentiment.

For companies, the n refers to each company. For government, we consider all government ads as
a single entity. We perform two types of regressions — one for sentiment and one for coverage. This
formulation allows us to isolate the specific relationship between the percentage of advertisement area
and the sentiment of articles while controlling for both unobserved differences across media-company
pairs and time-based fluctuations and capture the relationship between advertisement percentage and
sentiment. To further examine if popularity correlates with sentiment and count of companies involved
in the regression. We also consider a regression with an added popularity term (likely influencing how
positively the coverage is framed) and with fixed effects on company and time. To obtain the popularity
of a company, we used Google Trends data and computed trend values for popularity for all terms

corresponding to a company.

4.6.2 Government Advertising and Coverage

As presented in Table 4.1, we find a consistently negative correlation between the weighted ad ratio
and the total sentiment of articles covering government entities. In the baseline specification without

fixed effects, the coefficient is significantly negative (—0.0730***), indicating that greater government
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Table 4.1: Panel Regression Results: The Impact of Ad Page Percentage on Total Sentiment for Gov-
ernment Articles and Advertisements. Longitudinal count represents the number of entities, while the
time period count represents the number of observations over time.

(1 (2) 3) 4)
Dependent Variable: Total Sentiment
Total Ad Page Percent (Coefficient) -0.0730%*%*  -0.0115%** -0.0709*** -0.0084*
(0.0047) (0.0026) (0.0070)  (0.0044)

Fixed Effects: Source No Yes No Yes
Fixed Effects: Time No No Yes Yes
Entity Count 5 5 5 5
Time Period Count 75 75 75 75
R? 0.9192 0.0385 0.8999 0.0179

Table 4.2: Panel Regression Results: The Impact of Ad Page Percentage on Count of Articles for
Government Articles and Advertisements. Standard errors are clustered by entity.

ey 2 3) “)
Dependent Variable: Count of Articles
Total Ad Page Percent (Coefficient) 0.5810*** 0.1041* 0.5337***  (0.0214
(0.0078)  (0.0541) (0.0093)  (0.0238)

Fixed Effects: Source No Yes No Yes
Fixed Effects: Time No No Yes Yes
Entity Count 5 5 5 5
Time Period Count 75 75 75 75
R? 0.9366 0.0618 0.9346 0.0032

advertising is associated with more negative article sentiment. While this effect diminishes with the

inclusion of source and time fixed effects—dropping to —0.0084*—the overall trend remains negative.

Table 4.2 shows that government advertising is positively associated with article count in simpler
specifications, with a strong and significant coefficient in the baseline model (0.5810***). However,
the effect weakens considerably with the inclusion of fixed effects for source and time, and becomes
statistically insignificant in the fully controlled model (Column 4). This suggests that the apparent
relationship between government ad volume and coverage is largely explained by underlying source-

specific or temporal factors.

This pattern may stem from the structural nature of government advertising. Unlike corporate enti-
ties that strategically choose when and where to advertise, government advertisements (such as public
tenders, policy notices, or legal announcements) are often mandated to be published in all leading news-
papers. As aresult, newspapers have less incentive to tailor positive coverage in response to government
ad spending, possibly resulting in more neutral or even critical reporting. Additionally, the high volume
of smaller-sized government ads, as previously discussed, may dilute their overall impact on editorial

sentiment.
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Table 4.3: Panel Regression Results: The Impact of Ad Page Percentage on Total Sentiment for Com-
pany Articles and Advertisements. Standard errors are clustered by entity.

ey 2 3) “)
Dependent Variable: Total Sentiment
Total Ad Page Percent (Coefficient) 0.0189***  (0.0139*** (0.0170*** (0.0137***
(0.0035) (0.0035) (0.0027) (0.0037)

Fixed Effects: Newspaper x Company No Yes No Yes
Fixed Effects: Time No No Yes Yes
Entity Count 155 155 155 155
Time Period Count 72 72 72 72
R? 0.1817 0.0268 0.1382 0.0244

Table 4.4: Panel Regression Results: The Impact of Ad Page Percentage on Count of Articles. Standard
errors are clustered by entity.

(1) (2) (3) 4)

Dependent Variable: Count Of Articles
Total Ad Page Percent (Coefficient) 0.4360%** (.2225*%**  (.4366*** ().2232%**

(0.0265) (0.0192) (0.0280) (0.0201)
Fixed Effects: Newspaper x Company No Yes No Yes
Fixed Effects: Time No No Yes Yes
Entity Count 149 149 149 149
Time Period Count 70 70 70 70
R? 0.8277 0.3606 0.8101 0.3546

4.6.3 Corporate Advertisers

In stark contrast, Table 4.3 reveals a robust and statistically significant positive relationship between
the weighted ad ratio and both total sentiment and article count for corporate advertisers. This relation-
ship holds across all model specifications, including those with newspaper x company and time fixed
effects.

Specifically, a 1% increase in the weighted ad ratio corresponds to an average increase of 0.0189
units in the sentiment score. Given that sentiment scores range from —1 to +1, this shift is non-trivial.
The consistency of these results across specifications underscores the apparent influence of corporate

advertising on favorable editorial treatment.

Similarly, Table 4.4 shows a strong positive relationship between the weighted ad ratio and the num-
ber of articles. Across all specifications, higher ad spending by companies is consistently associated
with greater media coverage. Even when controlling for fixed effects, the coefficients remain signifi-
cant, reinforcing the conclusion that corporate advertisers benefit from increased editorial attention in

proportion to their advertising investment.
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4.6.4 Accounting for Popularity

To further test the robustness of our findings, we included Google Trends data as a proxy for company

popularity in a separate regression model (Table 4.5). Interestingly, when popularity is added as a control

variable, the positive correlation between sentiment and advertising diminishes and becomes statistically

insignificant under company fixed effects. This suggests that popular companies may naturally attract

both more advertising and more favorable coverage, complicating any direct inference about causality.

Table 4.5: Panel Regression Results: The Impact of Ad Page Percentage and Popularity on Total Senti-

ment. Standard errors are clustered by entity.

(1 2 3) “)

Dependent Variable: Total Sentiment
Total Ad Page Percent (Coefficient) -0.0003 0.0018 -0.0016 -0.0011

(0.0031)  (0.0015) (0.0019)  (0.0014)
Popularity (Coefficient) 0.0032#**  (0.0014  0.0041*%*  0.0004

(0.0009)  (0.0017) (0.0018)  (0.0013)
Fixed Effects: Company No Yes No Yes
Fixed Effects: Time No No Yes Yes
Entity Count 40 40 40 40
Time Period Count 1372 1372 1372 1372
R? 0.0625 0.0004 0.0110  7.399e-05

Table 4.6: Panel Regression Results: The Impact of Ad Page Percentage and Popularity on Count Of

Articles. Standard errors are clustered by entity.

(1) 2) (3) “)

Dependent Variable: Count Of Articles
Total Ad Page Percent (Coefficient) 0.0640%**  0.0185%**  (0.0299***  (.0214%**

(0.0154) (0.0042) (0.0087) (0.0078)
Popularity (Coefficient) 0.0246%** 0.0109 -0.0163%** 0.0136

(0.0041) (0.0069) (0.0061) (0.0079)
Fixed Effects: Company No Yes No Yes
Fixed Effects: Time No No Yes Yes
Entity Count 40 40 40 40
Time Period Count 1372 1372 1372 1372
R? 0.5649 0.0118 0.0686 0.0150

Nevertheless, when article count is the dependent variable (Table 4.6), the weighted ad ratio remains

a strong and significant predictor, even after accounting for company popularity. This mirrors the pattern

in Table 4.4, confirming that ad spending continues to drive editorial volume regardless of how well-

known or publicly searched a company is.
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Notably, the popularity metric itself shows mixed effects—sometimes negatively correlated with
sentiment, and other times statistically insignificant—highlighting that while popularity may influence
editorial sentiment, it is less consistent than advertising in predicting article volume.

Taken together, these findings paint a nuanced picture. Government advertising, despite its scale,
does not lead to more favorable editorial coverage, likely due to legal mandates and limited flexibility
in ad targeting. On the other hand, corporate advertisers appear to receive both more frequent and more
positive coverage in response to greater ad investment. While company popularity plays a moderating
role in sentiment, its influence on coverage volume is secondary to that of advertising.

These results provide empirical support for the long-suspected relationship between commercial
advertising and editorial bias in print journalism and contribute to a growing body of literature on media

capture and the economics of news production [6, 31].
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Chapter 5

Discussion

5.1 Advertising Influence on News

In this thesis, we presented a scalable and language-agnostic pipeline for collecting and analyzing
advertisements in print newspapers, enabling large-scale empirical research into the dynamics between
advertising and editorial content. Our methodology leverages advances in image processing and OCR
technologies to extract, classify, and contextualize advertisements across multiple languages and publi-
cation formats. By open-sourcing both our code and dataset, we aim to contribute a reusable resource for
researchers, journalists, and policymakers interested in media accountability and the political economy

of news.

Applying our pipeline to over 12,000 editions from five major Indian newspapers, we conducted
an extensive analysis of advertising patterns across entities, formats, time periods, and languages. We
examined the fundamental dimensions of advertising—who advertises, where, when, how, and what they
advertise—and identified key differences in strategy between government and corporate advertisers.
Government bodies emerge as the largest advertisers by volume, often placing small-format ads across
a wide array of pages. In contrast, corporate advertisers tend to favor large, premium-placed ads that

maximize visibility and brand impact.

Our regression analysis revealed a strong, statistically significant correlation between corporate ad-
vertising and both the sentiment and volume of media coverage. Companies that spend more on ad-
vertisements appear to receive not only more frequent but also more favorable editorial attention. For
government entities, however, this relationship is weaker and often statistically insignificant—Ilikely due
to the mandatory nature of public sector advertising, which limits opportunities for selective placement

or influence.

These findings contribute to ongoing debates on media independence and advertiser influence, raising
critical concerns about bias in favor of advertisers. When editorial decisions are swayed by commercial
incentives, the media may no longer serve its democratic function of informing the public impartially.
This principal-agent dilemma—where the advertiser (agent) influences the actions of the media (princi-

pal) at the expense of the public (another principal)—poses significant ethical and societal challenges.
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Furthermore, our dataset remains underutilized and holds substantial potential for future work. No-
tably, we possess the full text of articles that appear adjacent to advertisements, allowing for fine-grained
studies on contextual framing, adjacency effects, and placement influence. The dataset also opens op-
portunities for cross-media comparisons with digital platforms, where the entanglement of editorial and
sponsored content is arguably more pronounced. In a digital landscape increasingly shaped by native
advertising and algorithmic targeting, understanding how economic pressures affect media content is
more urgent than ever.

In conclusion, our work not only introduces a novel methodology and dataset but also provides
empirical evidence of the influence advertisers may exert on news coverage. As media systems evolve,
ensuring transparency in advertising practices and reinforcing editorial independence will be vital to

preserving the integrity of journalism and public trust in media institutions.

5.2 Limitations and Future Work

While our thesis provides novel insights into the dynamics of print advertising and its influence on
editorial content, it is not without limitations. First, our reliance on OCR and keyword-based identifica-
tion methods introduces a degree of imprecision, especially in the classification of advertisements and
entities. Although our evaluation metrics show high accuracy and F1 scores, OCR errors—particularly
in Indic languages and visually dense advertisements—can still lead to misclassification or partial data
extraction.

A key technical limitation arises from the segmentation model and OCR components of our pipeline.
While our YOLOv8s-based segmentation model achieved high performance (mAP of 96.8%, precision
of 86.9%, and recall of 88.8%), inaccuracies persist, particularly with complex or low-resolution lay-
outs. Similarly, OCR performance varies across models and content types: Tesseract performs well on
English articles but struggles with advertisements, while Surya OCR, despite a low error rate ( 1%) on
Indic text, fails to preserve reading order and performs worse on ads. These errors can propagate down-
stream, affecting sentiment analysis and advertiser identification. Future work could incorporate large
language models (LLMs) to post-process OCR outputs, reconstruct reading order, resolve fragmented
text, and correct misrecognized tokens by learning from contextual clues, offering a promising direction
for improving textual fidelity, especially for noisy and multilingual inputs. Second, the analysis assumes
that keyword-matching errors are uniformly distributed and not systematically biased across page place-
ments or advertiser types. While this assumption allows for meaningful regression analysis, future work
could incorporate more sophisticated NLP techniques or human annotation to further validate entity
recognition and ad content classification.

Moreover, while our regression models establish correlations between advertising and media cover-
age, they do not demonstrate causality. There may be underlying variables—such as editorial policy,
regional readership preferences, or political alignment—that influence both advertising patterns and

content tone. Future work could adopt quasi-experimental designs or instrumental variable approaches
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to better identify causal mechanisms. Finally, while our dataset is one of the largest of its kind, it is still
limited to five newspapers and a fixed time window. Expanding the dataset to include more regional pa-
pers, additional languages, and a broader temporal range would enhance generalizability. Additionally,
integrating digital news formats could facilitate comparative analyses across print and online ecosys-
tems.

Future research can build on this work by exploring contextual influence, such as the proximity of
advertisements to specific articles, and investigating the strategies of advertisers in the cross-media. Our
open source data set and tools are intended to facilitate such extensions and encourage broader inquiry

into the political economy of media in India and beyond.
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5.3 Price Variations and Scaling Factor

To better account for price variations across different pages and provide a more accurate measure
of advertising expenditures, we apply a scaling factor to pages of particular interest, where advertising
costs are typically higher. These pages include the first page, the third page, and the last page, all of
which command premium rates. Additionally, we gather city-specific and source-specific advertising
rates from online sources. To facilitate regression analysis and make the coefficients more interpretable,
each entry is normalized by dividing by the minimum rate (546) in the dataset. This normalization allows
for a clearer examination of the relationship between advertising expenditures and media coverage. The
rates used for the table can be found here for the Times of India', Hindustan Times?, The Telegraph?,
Dainik Bhaskar®, and Sakshi’.

Table 5.1: Page rates for various papers.

Source City 1st Page | 3rd Page | Back Page | Base Price
Times of India Mumbai 9665 6850 7230 5640
Times of India Delhi 6355 4830 5075 4120
Times of India Kolkata 2435 1920 2105 1835
Times of India Chennai 2815 2381 2405 1985
Hindustan Times | Mumbai 5100 3750 3750 3000
Hindustan Times | Delhi 10750 7470 7470 5970
Dainik Bhaskar | Delhi 867 661 774 546
Sakshi Andhra 6739 2995 5990 2995
Sakshi Hyderabad | 2700 1200 2400 1200
Sakshi Telangana | 2700 1200 2400 1200
Telegraph Kolkata 2641 2565 2430 2230

"https://web.archive.org/web/20241001131208/https://riyoadvertising.com/
times-of-india-display-ad-rates.html

https://web.archive.orqg/web/20241001131804 /https://www.hindustantimes.com/
rate-card/Impactht

*https://www.bhavesads.com/the-telegraph/display—-ad-rates

‘https://web.archive.org/web/20240503230534/http://www.riyoadvertising.com/
dainik-bhaskar.html

Shttps://web.archive.orqg/web/20241001134917/https://riyoadvertising.com/sakshi.
html
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Table 5.2: Advertisement and Corruption Keywords.

Category Keywords

Advertisement Keywords government, state, central, tender, gov, e-tender, corrigendum, e-
corrigendum, govt., tenders, procurement, e-procurement

Corruption Keywords bail, black, bribe, cbi, chor, conspiracy, corrupt, croni, demonet,

expos, helicopt, investig, jail, jumla, lokpal, loot, nirav, probe,
prosecut, rafal, raid, scam, scandal, steal, theft, thief, illegal,
fraud, embezzle, misappropriat, laundering, offshore, tax evasion

5.4 Keywords To Identify Government-based articles and advertisements

The keywords used to identify Government-based articles and ads can be found in Table 5.2. Ar-
ticles are identified if there is a match with any keyword from the corruption-related list and the pres-

99 99

ence of a government-related term (”government,” ”govt,” “’state,” or “central”) to ensure government

corruption-related articles. In contrast, advertisements are classified if they contain any keyword from

the advertisement-related list.

5.5 Keywords To Identify Companies

The keywords are mostly curated by adding subsidiaries and brands that are uniquely identifiable to

a brand. Table 2?.
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Table 5.3: Company keywords (Part 1).

Company Keywords

Tata Tata , Jaguar Land Rover , Taj Hotels , BigBasket , Img , AirAsia , Vistara ,
Tanishq , Titan , Starbucks , Voltas , Vivanta , Air India , Croma

Reliance Reliance , JioFiber , JioMart , AJIO , Netmeds , Hamleys , Urban Ladder

Hindustan Unilever

Hindustan Unilever , HUL , Lakmé , Lifebuoy , Dove , Surf Excel , Kwality
Wall’s , Bru, Kissan , Vaseline , Ponds , Pepsodent , Clinic Plus , Rin , Axe

Procter & Gamble
(P&G)

Procter & Gamble , Procter and Gamble , P&G , Pampers , Ariel , Tide ,
Gillette , Whisper , Vicks , Olay , Pantene , Head & Shoulders , Oral-B , Old
Spice

ITC Limited

ITC Limited , Sunfeast , Aashirvaad , Savlon , Fiama , Vivel , ITC Hotels ,
Bingo! , Yippee! , Classmate , Wills , Gold Flake

Godrej Group

Godrej , Good Knight , Cinthol

Bharti Airtel Airtel , Wynk Music

Samsung Samsung

Xiaomi Xiaomi , Redmi , POCO , Mi TV , Mi Smart Home , Mi Ecosystem , MIUI
Vivo Vivo

Oppo Realme , Oppo

OnePlus OnePlus

Maruti Suzuki Maruti Suzuki , Suzuki , Nexa

LIC Life Insurance Corporation of India , LIC
Hyundai Hyundai Motor India , Kia , Hyundai

Toyota Kirloskar Toyota

Renault India Renault , Dacia

MG Motor India Morris Garages , MG Hector , MG Motor
Stellantis Stellantis , Jeep India , Citroen India , Fiat , Mopar
BMW Group India | BMW

Mercedes-Benz In-
dia

Mercedes-Benz
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Table 5.4: Company keywords (Part 2).

Company Keywords

Amazon Amazon , Kindle

Coca-Cola Thums Up , Sprite , Fanta , Minute Maid , Kinley , Maaza , Coca-Cola , Diet
Coke , Smartwater

PepsiCo PepsiCo , Pepsi , Mirinda , 7Up , Lay’s , KurKure , Tropicana , Mountain Dew
, Gatorade , Quaker Oats

Adani Group Adani , Ambuja Cements

Mahindra Group Mahindra & Mahindra , Mahindra Tractors , Tech Mahindra , Mahindra Fi-
nance , Mahindra Electric , Club Mahindra , Mahindra Lifespaces , Automo-
bili Pininfarina

Nestlé Nestlé India , Maggi , Nescafé , KitKat , Milo , Milkmaid , Nestea , Cerelac ,
Everyday , Perrier

Sony Sony , PlayStation , SonyLIV

Volkswagen Group | Volkswagen, Audi, Porsche , Bentley , Lamborghini , Skoda , Bugatti , Ducati

Ford Motor Com- | Ford

pany

Apple iPhone , iPad , MacBook , Apple Watch , iMac , Apple TV , Apple Music ,
Apple Pay , iCloud , Apple Store

Google (Alphabet) | Google Search , YouTube , Google Maps , Google Cloud , Google Ads , An-
droid , Google Play , Gmail , Google Pixel , Nest

Hero MotoCorp Hero MotoCorp , Splendor , HF Deluxe , Passion , Glamour , Xpulse , Hero

MotoSports

Honda Motorcycle
and Scooter India

Honda , Activa

Bajaj Auto Bajaj , Pulsar , Dominar , Avenger , KTM , Husqvarna , Bajaj Finserv , Bajaj
Finance

FIITJEE FIITJEE

Byju’s Aakash Byju’s , Aakash

Allen Career Insti- | Allen

tute

Nissan Nissan , Datsun

Prestige Prestige TTK

BigBasket BigBasket , BB Daily , BBinstant
Amul Amul

Patanjali Patanjali
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