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Abstract

I investigate the impact of media topics on the portfolio strategies of active equity
mutual funds. Using 1.5 million Wall Street Journal articles from 1984 to 2023, I
use ChatGPT to distill media news information into 59 distinct topics, and quantify
each topic’s time-varying share of news attention and sentiment. I then define a fund
as having exposure to a topic if it overweights stocks expected to perform well when
the topic grows in importance, and hence attention. I find that the topics that fund
managers choose to have high exposure to are high-sentiment topics, but not those
with high attention. This strategy leads to mutual fund underperformance but attracts
investor flows. Topic-oriented strategies account for a large fraction, specifically 37%,
of mutual fund tilts, and are a key driver of the underperformance associated with

active tilts.
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1 Introduction

The traditional way to understand an investor’s portfolio focuses on industry tilt or tilt
toward certain stock characteristics, such as value or growth. However, investors are exposed
to multifaceted information on a daily basis and make decisions based on this complex infor-
mation set. Since this information often aligns with specific topics, it is important to learn
how investors adjust their portfolio strategies in response to these topics. Addressing this
question is challenging due to the complex and dynamic nature of media news information.
In this paper, I show for the first time how investors adjust their portfolio strategies in
response to media news topics.

To summarize the complex information set in the form of topics, media news serves as a
valuable resource. As a critical intermediary of information, the media not only report facts
but also interpret their importance, convey a positive or negative sentiment about them,
and make forecasts about their future impact. While the news is produced by media outlets,
its content represents an equilibrium between the perspectives of news producers and the
demands of news consumers (Mullainathan and Shleifer, 2005). In the context of financial
media, where investors are the primary audience, the financial news offers insights into both
the topics shaping the economy and the attention and sentiment of investors.

In recent years, the development of state-of-the-art natural language processing (NLP)
techniques, such as large language models (LLMs), has revolutionized the analysis of textual
data. These advancements enable us to summarize complex information into topics, allowing
us to track how the importance and sentiment of various events evolves over time. This offers
a unique opportunity to deepen our understanding of how investors adjust their portfolio
strategies in response to media topics.

In this paper, I investigate the impact of media topics on the portfolio strategies of an
important group of investors: active equity mutual funds. The paper has three main sets
of results. First, it develops a novel prompt-based methodology that uses the advanced
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news articles from 1984 to 2023. 1 first use this approach to extract media topics from
these articles in the form of 59 topics, and then quantify each topic’s time-varying share
of news attention and sentiment. Second, I analyze how active equity mutual funds adjust
their portfolio strategies in response to media topics. I define a fund as having exposure
to a topic if it overweights stocks that are expected to perform well when the topic grows
in importance, and hence attention, in the future. I find that the topics that funds have
high exposure to are high-sentiment topics, not high-attention topics. This strategy leads to
mutual fund underperformance, but nonetheless attracts investor flows, which explains why
funds use it. Third, I examine how much media topics can explain mutual fund tilts away
from the market portfolio. I find that the topic-oriented behavior explains a large fraction,
specifically 37%, of the variation in the aggregate active mutual fund tilt toward stocks. In
addition, the negative Carhart alpha associated with the aggregate active mutual fund tilt
is entirely attributable to the topic-driven component. Once this component is isolated and
removed, the residuals show no significant alpha, suggesting that the underperformance of
the active tilts is entirely due to topic-driven behavior.

Stepping back from these three specific results, the broader contribution of this paper is to
offer a new way of thinking about investors’ portfolios — not in terms of industry tilts or tilts
towards value or growth or other stock characteristics, but in terms of exposure to different
media topics. And Al tools play an important role here — they allow me to summarize the
complex information set that investors take into account when making portfolio decisions.

In my first result, I provide a novel prompt-based methodology that uses ChatGPT in
combination with media news to measure the topics that the media focus on in each month.
I use this approach to distill news articles into a comprehensive list of 59 topics, and then
quantify the time-varying attention and sentiment associated with each topic. For media
news data, I focus on the business news of 1.5 million WSJ articles from 1984 to 2023. For
ChatGPT, the analysis is conducted using OpenAl’s GPT-40 mini model released on July
18, 2024. This model can handle approximately 96,000 words (128K-token context window)

per prompt at just 3% of the cost of the previous GPT-40 model. The combination of a



long context window and lower cost provides a unique opportunity to quantitatively measure
topics from a vast number of news articles.

I use an iterative prompt design to extract the topic list. This design overcomes the limit
on the number of tokens in each ChatGPT prompt, which makes it infeasible to input all
articles in a single prompt. Specifically, I first input all news articles for each day into a
prompt, and ask ChatGPT to summarize the topics for that day; ChatGPT may return, say,
10 topics for a total of 200 news articles on a given day. Then, I input all daily topics in each
month into a prompt and ask ChatGPT to summarize the topics for the month; for example,
ChatGPT may summarize the 300 daily topics within one month into 30 monthly topics. In
this way, I aggregate the topics from the daily level to the monthly level. Then I aggregate the
monthly topics into annual topics, and then into five-year topics, and eventually, I combine
them into a comprehensive list of 59 topics from 1984 to 2023.

Since the topics are summarized from daily events, each topic represents a series of
related events that span a certain period. For example, the topic Pandemic and Vaccine
Development includes COVID-19 in 2020 and severe acute respiratory syndrome (SARS) in
2003. Similarly, the topic Geopolitical Tensions and Economic Impact includes six key peaks
of attention, corresponding to the Gulf War in 1990, the Kosovo War in 1999, the September
11 attacks in 2001, the Iraq War beginning in 2003, Russia’s annexation of Crimea in 2014,
and the 2022 Russian invasion of Ukraine. I also further categorize the 59 topics into 14
overarching metatopics, such as economic outlook, economic stimulus, and financial stability.

To measure the time-varying attention and sentiment for each topic, I first input each
article along with the entire topic list into ChatGPT in a single prompt. The prompt asks
ChatGPT to determine the topic the article belongs to, assign a confidence score for the
topic choice (ranging from 0 to 1, with 1 indicating the highest confidence), and provide
a sentiment score (ranging from -1 for the most negative to 1 for the most positive). To
calculate topic attention and sentiment, I only consider articles with confidence scores above
0.9, which constitute approximately 90% of all articles. Monthly sentiment for each topic

is calculated by averaging the sentiment scores of all articles linked to that topic in that



month. Monthly attention to a specific topic is computed as the number of articles related
to that topic in a month divided by the total number of processed articles for the month.
This approach provides a dynamic view of attention and sentiment for each topic over time.

The second set of results in this paper show how investors adjust their portfolio strategies
in response to media topics. The investors I focus on are U.S. active equity mutual funds. I
define a fund as having exposure to a topic if it overweights stocks that will perform well (or
underweights stocks that will perform poorly) when attention to a topic increases. Then, I
then examine what kinds of topics mutual funds choose to have high exposure to. Do they
increase their portfolio exposure to topics that have high sentiment, high attention, or a high
sentiment-attention interaction? The answer is not clear, ex-ante. I find that the topics that
funds have high exposure to are high-sentiment topics — not topics with high attention or a
high combination of sentiment and attention.

To measure a mutual fund’s portfolio exposure to a topic, I first compute each stock’s
exposure to all 59 topics. A stock’s exposure to a topic is defined as the coefficient when
regressing the stock’s excess returns on changes in topic attention.! As such, if a stock has
a high exposure to a topic, it tends to perform well when attention to this topic increases.
For example, during the COVID-19 pandemic in 2020, Pfizer had a positive topic exposure
of 0.25 to the Pandemic and Vaccine Development topic, indicating that its returns tended
to be high as attention to the pandemic increased. In contrast, Boeing exhibited a negative
topic exposure of -1.17, reflecting low returns as attention to the pandemic intensified. I
then define an active fund’s portfolio exposure to a given topic as the difference between the
average stock exposure of the fund’s portfolio to that topic and the average stock exposure
of the market portfolio to that topic. Intuitively, a fund has a high exposure to a topic if it
overweights stocks that will perform well when the topic grows in importance.

To empirically test what kinds of topics mutual funds have high exposure to, I regress
fund exposure on topic sentiment, topic attention, and their interaction, while controlling for

seven additional fund characteristics, namely net return, flow, expense ratio, age, total net
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assets (TNA), turnover ratio, and load. The estimated coefficient on sentiment is significantly
positive at 0.1 with a t-statistic of 2.48, indicating that a fund’s exposure to a topic increases
by 118% relative to the average fund’s exposure of 0.08 when the topic sentiment increases by
one standard deviation during the same quarter. In contrast, the coefficients on attention and
on the interaction between sentiment and attention are not statistically significant. Further
analysis by metatopics reveals that the positive sentiment coefficient is primarily driven by
topics related to economic growth, including ESG, Financial Markets, Economic Outlook,
Labor/Income, Economic Stimulus, and Financial Stability.

These findings imply that active equity mutual funds have high portfolio exposure to high-
sentiment topics, rather than to topics receiving high attention or a combination of sentiment
and attention. To interpret this, suppose that fund managers start by choosing topics that
they think are likely to grow in attention in the future, and then position their portfolios
accordingly by buying stocks that will perform well if these topics indeed grow in attention.
My results suggest that, in deciding which topics will increase in attention, managers choose
those that currently have high sentiment. The rationale is that topics generating enthusiasm
today are likely to grow in importance—and therefore attract greater attention—in the
future. Conversely, managers may avoid focusing on topics already receiving high attention
at the current moment, perceiving them as having peaked and unlikely to see further growth.

Do funds profit from this strategy of having high portfolio exposure to high-sentiment
topics? The answer is no. I find that the more a fund is exposed to high-sentiment topics, the
lower its Carhart alpha. Specifically, I sort funds into 10 deciles according to their sentiment-
weighted exposure (SWE) across all topics. Funds in the highest decile (Decile 10) have a
strongly positive SWE, indicating high exposure to high-sentiment topics. In contrast, the
lowest decile (Decile 1) has the most negative SWE, indicating negative exposure to high-
sentiment topics. I find that funds with high SWE consistently underperform those with low
SWE. In terms of Carhart alpha based on fund net returns in a one-month out-of-sample
period, high-SWE funds (Decile 10) underperform low-SWE funds (Decile 1) by 39 basis

points (bps) per month (4.68% annually) in TNA-weighted portfolios and by 32 bps per



month (3.84% annually) in equal-weighted portfolios. This performance gap is robust to
other fund return measures, including fund raw returns and returns constructed from fund
holdings.

The underperformance immediately raises the question: Why would funds use this
strategy if it leads to underperformance? My results show that they use this strategy
because it attracts higher flows, which in turn increases their fee-based revenue. Specifically,
I document a strong positive relationship between fund SWE and fund flows. High-SWE
funds (Decile 10) attract significantly more inflows than low-SWE funds (Decile 1), by 31
bps per month (3.72% annually) for both TNA-weighted and equal-weighted portfolios in
a one-month out-of-sample period. This relationship is confirmed by regressing future fund
flows on SWE, while controlling for fund-specific characteristics. The coefficient on SWE
is 0.05 with a t-statistic of 2.25, indicating that the monthly flow increases by 5 bps in
the following month when SWE increases by one standard deviation in the current month.
Thus, funds appear to use this strategy to attract higher flows, which in turn increases their
fee-based revenue.

After examining how mutual funds form strategies in response to media topics, the
following question arises: How much can media topics explain mutual fund tilts away from
the market portfolio? Answering this question is the goal of the third set of results in this
paper.

To answer this question, I define the aggregate active tilt to each stock as the stock
weight in the aggregate active equity mutual fund portfolio divided by the stock weight in
the value-weighted portfolio of the same stock universe.? To assess how much of the stock-
level active tilts are driven by media topics, the ideal regression model would be to regress
the aggregate active tilt on topic signals for each stock. However, the regression is infeasible
due to the data limitation of having only quarterly holdings and to the large number of topic

signals. I address the data limitation issue by using an instrumented regression approach,

2T conduct the analysis at the stock level by aggregating fund tilts rather than using individual fund tilts
to allow for an examination of the alpha of stock portfolios sorted by aggregating fund tilts.



which introduces stock characteristics as instruments for parameter estimation.® The results
of the instrumented regression show that topic signals explain a large fraction, specifically
37%, of the active tilts in an expanding window framework. This finding suggests a strong
link between media topics and fund managers’ active stock selection behavior.

Furthermore, the analysis reveals that the Carhart alpha associated with the aggregate
active mutual fund tilt is entirely attributable to the topic-driven component. To conduct
this test, I decompose the aggregate active tilt for each stock into the topic-driven tilt and
the residual tilt that cannot be explained by topic information. I then sort stocks into ten
deciles at the end of each quarter by each of active tilts, topic-driven tilts, and residual
tilts. Decile 1 has the lowest tilts, and decile 10 has the highest tilts. To measure the stock
performance associated with each type of tilt, I calculate the difference in Carhart alphas
between decile 10 and decile 1. If the alpha of the active tilts is primarily driven by the topic
information, we would expect the topic-driven tilts to exhibit an alpha similar to that of the
active tilts, while the residual tilts would have no significant alpha.

The empirical results show that the equal-weighted active tilt portfolio has a significantly
negative alpha of -1.86% per month with a t-statistic of -2.24 in the month after sorting.*
This suggests that, on average, the stocks in the top active tilt decile underperform those
in the bottom decile. The topic-driven tilt portfolio also has a significantly negative alpha
of -2.23% with a t-statistic of -2.40, whose magnitude is comparable to that of the active
tilt portfolio. The residual tilts, which represent the portion of active tilts unexplained by
the topic-driven component, show no significant alpha. This absence of alpha in the residual
tilts suggests that, after accounting for the topic-driven tilts, there is no remaining evidence

of persistent underperformance or outperformance in the active tilt portfolio. The results

31 follow the literature that models factor loadings as functions of observables. See, for example, Rosenberg
(1974), Ferson and Harvey (1991), Daniel and Titman (1997), Chordia et al. (2017), and Kelly et al. (2019).

4Negative alpha is observed under two specific conditions: (1) in equal-weighted portfolios, and (2) with
a one-month holding period after sorting at the end of each quarter. In contrast, the value-weighted and
holdings-weighted portfolios show no significant alpha, consistent with findings in previous literature, such
as Cremers and Petajisto (2009) and Chen et al. (2000), where holdings-weighted portfolios generally show
no alpha. A detailed discussion can be found in Section 4.2. This non-positive alpha does not conflict with
the positive alpha observed in the mutual fund active share literature; see Section 4.3 for further details.



imply that the topic-driven tilts fully explain the negative alpha in the equal-weighted active
tilt portfolio.

In summary, the third result of the paper is to show that the topic-driven component
explains a large fraction — specifically 37% — of the aggregate mutual fund tilt away from
the market portfolio, and drives the negative Carhart alpha associated with the active tilts.

After isolating and removing the topic-driven tilts, the residuals exhibit no significant alpha.

Related Literature

This paper first contributes to a rapidly growing literature in economics that uses text

as data.’

Topic models have only recently begun to be explored in empirical economics
research.® In this literature, the paper most closely related to mine is Bybee et al. (2024),
who estimate a topic model using Latent Dirichlet Allocation (LDA) that summarizes the
business news from WSJ into 180 interpretable topics and quantifies the proportion of news
attention allocated to each topic over time. LLMs and ChatGPT are becoming popular in
the literature after the latter was introduced on November 30, 2022 by OpenAL” In this
paper, I apply the LLM model, ChatGPT, as a topic model to extract a list of 59 topics
and a measure of the attention and sentiment associated with each topic. While ChatGPT-
generated topics share some similar topics with LDA, ChatGPT offers several advantages
over traditional topic models. These include i) that we can obtain time-varying sentiment in
addition to attention for each topic, ii) that the topics are more interpretable and relevant
as a summary of complex events, and iii) that text preprocessing is not required. ®

This paper also contributes to the literature on asset manager performance and fund

flows.? One strand of this literature examines how asset managers respond to sentiment. For

example, Brunnermeier and Nagel (2004) show that, during the technology bubble, hedge

See Gentzkow et al. (2019) for a recent review.

6See, for example, Hansen et al. (2018), Larsen and Thorsrud (2019a), Larsen and Thorsrud (2019b), Ke
et al. (2019), Thorsrud (2020), and Cong et al. (2024).

"Some recent examples are Lopez-Lira and Tang (2023), Bybee (2023), Xie et al. (2023), Kim et al.
(2024), and Khan and Umer (2024).

8See the comparison in Section 2.4 for more details.

9See Cremers et al. (2019) and Christoffersen et al. (2014), Chapter 5, for a survey.



funds invested heavily in tech stocks, riding the bubble until its collapse. This finding aligns
with my results, where asset managers increase exposure to stocks tied to high-sentiment
topics and then adjust in a timely way as sentiment changes.

Another related paper is Massa and Yadav (2015), who find that active mutual funds
employ portfolio strategies based on market sentiment as measured using the index in Baker
and Wurgler (2006). They observe that a sentiment contrarian strategy leads to high flows
due to superior performance, while sentiment catering strategies fail to attract significant
flows. My paper differs from Massa and Yadav (2015) in two ways. First, I focus on the
sentiment of individual topics rather than overall market sentiment. In other words, my
analysis emphasizes the cross-sectional sentiment across topics, while their approach centers
on the time series of market sentiment. Second, I obtain different results by using the cross-
sectional topic sentiments. My findings show that active mutual funds attract significant
flows by catering to high-sentiment topics, despite the underperformance that this leads
to. In contrast, results of Massa and Yadav (2015) suggest that funds catering to overall
market sentiment fail to attract more investor flows due to their underperformance. Instead,
a sentiment contrarian strategy achieves higher inflows by delivering outperformance.

The third literature this paper contributes to is on the asset allocation of institutional
investors.'? This paper adds to this literature by showing that the asset allocation of active
mutual funds is largely driven by media topics. I show that the topic-driven component
explains a large fraction, namely 37%, of the aggregate mutual fund active tilt away from
the market portfolio, and that the negative Carhart alpha associated with the aggregate
active mutual fund tilt is entirely attributable to the topic-driven component.

The paper is organized as follows. In Section 2, I describe how I apply ChatGPT to

WSJ news articles to obtain a topic list as well as a measure of attention and sentiment for

10Gee, for example, Grinblatt and Titman (1989), Daniel et al. (1997), Wermers (2000), Gompers and
Metrick (2001), Bennett et al. (2003), Brunnermeier and Nagel (2004), Kacperczyk et al. (2005); Basak et
al. (2007); Cremers and Petajisto (2009); Hugonnier and Kaniel (2010); Cuoco and Kaniel (2011); Lewellen
(2011); Agarwal et al. (2013), Kacperczyk et al. (2014), Sialm et al. (2015), Blume et al. (2014), Lettau et
al. (2018); Koijen and Yogo (2019); Péstor et al. (2020), Pastor et al. (2020), Dou et al. (2022), Ben-David
et al. (2022), Kaniel et al. (2023), DeMiguel et al. (2023), and An et al. (2024).
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each topic. Section 3 examines how active equity mutual funds construct portfolio strategies
exploiting media news information. Section 4 characterizes the explanatory power of media

news information for the aggregate active tilt of mutual funds. Section 5 concludes.

2 Media Topics

This section describes a novel prompt-based methodology that uses ChatGPT to quantify
the media topics from news articles. I use this approach to extract media news information
in the form of 59 topics, and then quantify each topic’s time-varying share of news attention

and sentiment.

2.1 The Wall Street Journal Data Set

The text data set I use consists of Wall Street Journal (WSJ) articles between 1984 and 2023.
Data from January 1984 to December 2021 is purchased from the Dow Jones Historical News
Archive. Data between January 2022 and December 2023 is from the WSJ Archive database.

The WSJ covers a broad array of topics, emphasizing economics, finance, and business.
As the second-largest newspaper by readership in the U.S., it is widely considered a leading
source for business and financial news. This makes it a fitting choice for information that
GPT can use to summarize events influencing mutual fund managers’ portfolio choices.

I implement several measures to standardize the data sample and to minimize the
potential confounding effects of organizational changes at the WSJ over time. First, although
the Dow Jones Historical News Archive contains data starting from 1979, only article
abstracts are available prior to 1984. To ensure consistency in article definitions throughout
the sample, I exclude all data before 1984, resulting in a total of 1,587,858 articles from 1984
to 2023. Second, WSJ introduced various non-core sections, such as “Personal Journal”
(launched in 2002), “Weekend Journal” (launched in 2005), and “Off Duty” (launched in
2012). To maintain uniformity in topical content, I omit articles from these non-core

sections. Third, since my focus is on economic news, I also exclude articles tagged with
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subjects like reviews (tag “N/RVW?”) and arts (tag “N/ART”). Lastly, I remove articles
titled “Corrections & Amplifications,” as they address adjustments to multiple previous
articles. After these refinements, the final dataset consists of 1,478,555 articles.

Figure A.15 in the Appendix shows the post-processing monthly article count over time.
Despite the efforts to standardize the data, it is important to acknowledge that the WS/J is
a dynamic publication that has undergone structural changes over the course of the sample

period.

2.2 Topic List Generation

In this section, I begin by outlining an iterative prompt design to extract a comprehensive set
of topics, including the steps for topic extraction, summarization, and subsequent refinement

of the topic list. I then present the final structure of the comprehensive topic list.

2.2.1 Iterative Prompt Design

I now outline an iterative prompt design for generating a topic list from the WSJ using
ChatGPT. This design overcomes the limit on the number of tokens in each ChatGPT
prompt, which makes it infeasible to input all articles in a single prompt.

Specifically, I first extract topics on a daily basis, which are then aggregated by month.
In subsequent steps, I consolidate the monthly topics into annual topics, and the annual
topics into b-year periods. Finally, I compile these 5-year topics into a comprehensive topic
list. Queries are made to OpenAl’s GPT-40 mini model, which was released on July 18,
2024. This model can handle approximately 96,000 words (128K-token context window) per
prompt at just 3% of the cost of the GPT-40 model, enabling efficient summarization of
topics from news text.

Step 1 involves extracting daily topics from all news articles for each day. I begin by
obtaining topics from the day’s news articles, due to the 128K-token limitation for each

prompt. If the length of a day’s news exceeds this limit, I split the news into smaller parts,
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ensuring that each part is within the 128K-token constraint. Each part is then processed

with individual prompts. The following prompt format is used to query GPT:

Below is a day's worth of news. Identify at least 10 topics from
this day, listed in descending order of the attention they
draw. Provide a description of each topic and an explanation
of why each topic was chosen.

Output format:

[{"topic":"<topic>","description":"<description>","reason":"<
reason>"},

{"topic":"<topic>","description":"<description>","reason":"<
reason>"}, ...]

Return only the list, with no additional output.

News of the day: "¥%s"

Step 2 involves summarizing the topics for the entire month. I take the output of topics

and descriptions from the first step and input them using the following prompt:

Below is a list of topics and their descriptions. Combine the
topics by merging duplicated and similar ones, listed in
descending order of duplication frequency in the original list

Provide a description for each combined topic.

Output format:

[{"topic":"<topic>","description":"<description>"},

{"topic":"<topic>","description":"<description>"},...]

Return only the list, with no additional output.

Topics with descriptions: "%s"

The prompts for Step 3 to Step 5 are identical to those used in Step 2. In Step 3,
I summarize the topics for each year using the monthly topics and descriptions as input,

following the same process as in Step 2. This step produces a total of 1,627 topics. Figure 1
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Figure 1: Annual Topic Examples: 2019-2023

Note: Examples of annual topics from 2019 to 2023, summarizing monthly topics for each year.

presents examples of annual topics from 2019 to 2023. Since the list of topics and descriptions
from Step 3 exceeds the token limit for a single prompt, in Step 4, I further summarize the
topics for each five-year period (e.g., 1984-1988, ..., 2019-2023) using the yearly topics from
Step 3 as input. This step results in 356 output topics. In Step 5, I compile the 5-year list
into an initial comprehensive topic list from 1984 to 2023.

Step 5 may omit some topics in each summary. To ensure broader coverage, Step 6
repeats Step 5 an additional 99 times, incorporating new topics into the original Step 5 list.
Specifically, after each repetition, I use the following prompt to extract marginal information

from the new list and merge it with the original:

Here are the original and new topic 1lists, each with descriptions
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Please output the topics from the new list that are not
included in the original 1list, excluding similar topics. If
there are no new topics, output [].

Output format:

[{"topic":"<topic>","description":"<description>"}},

{"topic":"<topic>","description":"<description>"},...]
Original topic list with descriptions: "%s"
New topic list with descriptiomns: "Js"

The combined topic list from Step 6 has a broader coverage of topics but may still contain
duplicated topics. Therefore, I apply Step 7 to merge duplicated or similar topics by the

following prompt:

Here is a topic list with descriptions for each topic. Please
combine the topics by merging duplicated and similar ones, and
send a new topic list with descriptions.
Output format:
[{"topic":"<topic>","description":"<description>"},
{"topic":"<topic>","description":"<description>"},...]

Topic list with descriptions: "%s"
In Step 8, I check if there are any duplicated topics in the topic list by the prompt:

Can you check if there are any duplicated/similar topics in the
topic 1list?

Topic list with descriptions: "Ys"
The reply from ChatGPT-40 mini is:

There are no exact duplicated topics or highly similar topics (
with a cosine similarity threshold of 0.8) in the CSV file.

The topics 1list appears to be unique and well-differentiated.
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Step 9 is the final step to ensure that the final topic list includes all relevant topics from
the Step 5 prompts. In this step, I use the following prompt to cross-reference each topic

generated from the 100 Step 5 iterations with the topic list from Step 8:

Given a topic and a list of summarized topics with descriptionmns,
match the topic to the most relevant topic in the summarized
list. If no suitable match is found, return None.

Output format:

[{"corresponding topic index in the topic list": "<corresponding
topic index in the topic list>",

"corresponding topic name in the topic 1list": "<corresponding
topic name in the topic list>"}]

Return only the list, with no additional output.

Topic with its description: "%s"

Topic list with descriptions: "Ys"

If no corresponding topic is found in the Step 8 list, the unmatched Step 5 topic is added
to the summarized topic list. Repeat Step 9 until all topics from the 100 Step 5 iterations
have a corresponding match in the summarized topic list. The final summarized topic list
will be used as the definitive topic list. The final topic list contains 59 topics.

In summary, Steps 1-5 focus on extracting and summarizing topics from news articles,
while Steps 6-9 refine the topic list to ensure it is comprehensive and free of duplications.

These steps are outlined in the flowchart in Figure 2.

2.2.2 The Structure of Topics

The finalized topic list consists of 59 topics. As emphasized by Bybee et al. (2024), an
intuitive metatopic hierarchy enables the examination of attention to news topics at varying
levels of granularity. To categorize the 59 topics into metatopics, I used the following prompt

to generate metatopic labels:
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T

Topic Extraction gnd Summarization

Step 1: Extract daily topics from daily news articles

!

Step 2: Summarize monthly topics from daily events

!

Step 3: Summarize yearly topics

!

Step 4: Summarize 5-year topics

!

Step 5: Get summarized topic list from 1984 to 2023, repeat 100 times

_____________________________________________________

Step 6: Cross-reference topic lists and add marginal topics

!

Step 7: Merge duplicated topics

z | i

Step 8: Check for duplicates

!

Step 9: Cross-reference final list and add unmatched topics

{Deﬁnitive topic list}

Figure 2: Flowchart for Topic List Generation

Note: Flowchart illustrating the process of generating the definitive topic list. The steps include topic
extraction and summarization, as well as topic list refinement to ensure a comprehensive, non-duplicated

result.
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Below is a 1list of topics and their descriptions. Classify the
topics into metatopics.

Output format:

[{"topic":"<topic>","metatopic":"<metatopic>"},

{"topic":"<topic>","metatopic":"<metatopic>"},...]

Return only the list, with no additional output.

Topic list with descriptions: "Ys"

The 59 topics are grouped into 14 distinct metatopics. Figure 3 illustrates the relationship
between topics and their corresponding metatopics. Notably, the metatopic labels have been
refined and adjusted from the initial ChatGPT output. Table A.1 in the Appendix lists all

topics with descriptions, and their metatopics.

2.3 Attention and Sentiment Estimation

After establishing the topic list, I shift to estimating topic attention and topic sentiment.
These metrics quantitatively transform the news content, providing numerical data for
empirical analysis of economic hypotheses. My estimates reveal how media attention and
sentiment are allocated across topics and how this allocation changes over time.

To estimate topic attention and sentiment, I begin by evaluating the topic and sentiment
for each article. For this, I use the following prompt, incorporating the article and the topic

list with their descriptions as input:

Below is a news article followed by a list of topics/events with
descriptions. For each article, indicate which topic/event
index it belongs to and describe the reason for your choice.
Provide a confidence score between 0 and 1 for your topic
choice, with O being the least confident and 1 being the most
confident.

Then, indicate the sentiment of this article. Provide a score

18
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