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Abstract 

A vast quantity of high-dimensional, unstructured textual news data is produced every 

day, more than two decades after the launch of the global Internet. These big data 

have a significant influence on the way that decisions are made in business and 

finance, due to the cost, scalability, and transparency benefits that they bring. 

However, limited studies have fully exploited big data to analyze changes in news 

diversity or to predict financial market movements, specifically stock market crashes. 

Based on modern methods of textual analysis, this paper investigates the relationship 

between news diversity and financial market crashes by applying the change-point 

detection approach. The empirical analysis shows that (1) big data is a relatively new 

and useful tool for assessing financial market movements, (2) there is a relationship 

between news diversity and financial market movements. News diversity tends to 

decline when the market falls and volatility soars, and increases when the market is on 

an upward trend and in recovery, and (3) the multiple structural breaks detected 

improve the ability to forecast stock price movements. Therefore, changes to news 

diversity, embedded in big data, can be a useful indicator of financial market crashes 

and recoveries. 
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1. Introduction 

Big textual data has gradually developed into an active research topic in 

economics and finance following the rapid, unprecedented development of the 

Internet and computer technology (e.g., Jegadeesh and Wu, 2013; Burnap et al., 2015; 

Baker et al., 2016; Zhang et al., 2016; Kayser and Blind, 2017; Haroon and Rizvi, 

2020). The information most commonly used in research is usually derived from daily 

news (Thorsrud, 2020). For instance, Liao et al. (2019) examine a novel dataset of 

news events and find that media sentiment plays an important role in mergers and 

acquisitions. Moreover, firms associated with more negative media sentiment, 

stemming from news outlets, are more likely to be targeted by hedge funds (Wang and 

Wu, 2020). 

 

The financial transaction data reflects traders’ decision-making (buying or 

selling), which affects the price movements and volatility of the financial market 

(Simon, 1955). These decisions may be affected by various types of information, 

which stem from the traders’ environments. In modern society, interaction with the 

Internet is becoming our main method of sourcing information (Vespignani, 2009; 

King, 2011; Vosen and Schmidt, 2011). Alanyali et al. (2013) point out that traders 

can not only actively obtain information by searching for it online, but also receive 

information by actively, or even passively, receiving news from influential financial 

media. 

 

The financial media have a certain degree of interaction with the dynamics of the 

financial markets. Authoritative financial media plays a crucial role in disseminating 

information to investors. News can have a significant effect upon investor sentiment 

and this is reflected in their decisions. Moreover, when financial markets experience 

violent fluctuations, the financial media is expected to disseminate information 

promptly to the public, to track the situation as it unfolds, and to provide regular, 

professional reports. For instance, Alanyali et al. (2013) find a positive correlation 

between the frequency of instances that the Financial Times mentions a company and 

the daily trading volume of the stocks on the previous day and the day of the news 

release, suggesting that financial markets and news are intrinsically interrelated. 

Further, Curme et al. (2017) note that interesting examples of news diversity can be 

found within news from the Financial Times, one of the major financial media outlets. 

Curme et al. (2017) reveal that there is a forecast effect of news diversity on the 

trading volume, and news diversity tends to drop when the stock market falls. 

However, they do not find a relation between news diversity and subsequent stock 

price movements. 



 

The idea of news diversity as being a measure of news importance is simple. If 

the media is reporting similar events across multiple outlets, topics covered by the 

news will be concentrated. This means that such events are highly influential and can 

have a significant impact on movements within the financial market. Therefore, the 

level of news diversity is closely correlated with the financial market movements. The 

more concentrated the news diversity index, the more accurately it will reflect market 

movements. 

 

In this context, we emphasize that there is a natural connection between news 

diversity and the financial markets and they can influence each other. The objective of 

our paper is to further examine the relationship between news diversity and the 

movements of financial markets, and to assess the prediction effect of news diversity 

on market prices and volatility of the financial market. We examine the news 

published by the Financial Times during the period of 2007 to 2009 and 2018 to 2019 

from the online database ProQuest. We use it to construct a news diversity index 

based on Curme et al. (2017) and apply change-point detection methodology. 

 

This paper analyzes whether news topics are significantly concentrated prior to 

stock market crashes and whether the media covers more concentrated topics prior to 

market recoveries (these being marked by a continuous increase in stock prices and a 

decline in volatility). It is precisely because of the mutually influential relationship 

between news diversity and financial markets that we use the method of change-point 

detection, based on the cumulative sum, to identify significant changes in news 

diversity. This paper provides evidence that news diversity can be used to accurately 

forecast the movements of the stock market, by using change-point analysis. 

 

This paper contributes to the literature in several ways. First, it combines news 

media and financial markets data and uses a natural language processing technology 

to innovatively extract information from the news. It then uses this to improve the 

ability to predict financial market movements. Second, instead of studying the 

forecast of trading volume (Curme et al., 2017), it focuses on the forecast of financial 

market movements and documents an early warning effect of news diversity on 

market prices and volatility, which is more important to the market and investors. 

Third, it uses the change-point detection method, a mathematical technique, to explore 

this relationship, rather than applying conventional empirical methods, as has been 

done within previous studies (Birz and Lott, 2013; Zhang et al., 2017; Curme et al., 



2017)1. 

 

The remainder of the paper is organized as follows. Section 2 presents the 

theoretical background and hypotheses, Section 3 introduces the methodology and 

data, Section 4 discusses the empirical findings, and Section 5 presents several 

robustness tests. Section 6 concludes. 

 

                             
1
 This method is supplemented by financial time series models for robustness. 



2. Theoretical background and hypotheses 

Quantified by Shannon’s Entropy (Shannon, 1948), news diversity measures the 

news content’s cohesiveness across media outlets, which assesses whether the news 

concerns few topics or is dispersed among a high number of topics (Curme et al., 

2017). More precisely, if a high number of “words” focus on the same topics, a low 

diversity news index should reflect the significance of the news topics and this should 

correlate with the main trends in the financial markets. This section discusses the 

theoretical background of how news diversity affects financial market movements. 

 

2.1. Information in news 

Authoritative financial media, such as the Financial Times, the Wall Street 

Journal, and the New York Times, is a major mechanism for disseminating 

information to investors (Fang and Peress, 2009; Griffin et al., 2011). Business news 

plays an important role in the way investors value stocks. Financial media can provide 

the market with fundamental information and continuously influences the 

decision-making of investors. The efficient market hypothesis (EMH) suggests that 

stock prices are a timely and adequate reflection of information (Malkiel and Fama, 

1970). Therefore, no matter what type of news, whether it be political, environmental, 

social, financial, or economic, it will always cause investors to continuously adjust 

their expectation of the future returns that a firm’s investment projects can achieve. 

The adjustment of such expectations can be reflected in the adjusted demand and 

supply functions (Hisano et al., 2013; Hagenau et al., 2013). Through these two 

functions, stock prices can rise and fall. Therefore, both the news and investor 

expectations of future cash flows brought by the media, play a vital role in stock 

pricing. 

 

2.2. Investor sentiment and news 

A considerable amount of research has been devoted to linking news with 

financial markets by using text mining to predict market dynamics, such as closing 

prices, trading volume, and volatility (e.g., Tetlock, 2007; Engelberg and Parsons, 

2011; Kleinnijenhuis et al., 2013; Atkins et al., 2018). Contrary to the efficient market 

hypothesis, behavioral finance emphasizes the role of behavioral and emotional 

factors in investors’ financial decision making. Recent studies on investor psychology 

and social sentiment show that financial markets respond to news asymmetrically. 

Financial media can influence the stock market considerably and can magnify the 

animal instincts of investors. Investors are more sensitive to negative news when the 



market is held hostage by uncertainty, and expectations for future earnings become 

increasingly uncertain. According to the “framework effect”, investors’ reactions to 

negative news are asymmetrical (Tan and Chua, 2004; Antweiler and Frank, 2004). 

News, which acts as the most authoritative and extensive method of media messaging, 

has been shown to play an important role in shaping investor sentiment. For instance, 

Tetlock (2007) finds that the high level of media pessimism, stemming from 

newspapers, puts downward pressure on market prices, and unusually high or low 

pessimism leads to high levels of the market trading volume. Schumaker and Chen 

(2009) show that the model containing both article terms and the stock price has the 

best performance in terms of proximity to the future stock price. According to the 

“framework effect”, investor sentiment can provide a better perspective when 

studying the correlation between news and market movements, particularly during 

periods of financial crashes. Many research studies have focused on similar periods of 

crisis, examining whether the authoritative and influential newspapers may have a 

greater impact on investor sentiment in instances of financial turmoil (Preis et al., 

2010; Bollen et al., 2011). 

 

2.3. Hypotheses 

News diversity derived from daily news measures the degree of concentration of 

news topics and categorizes the most useful information for investors. According to 

EMH, investors are exposed to centralized information and adjust their expectations 

promptly, leading to immediate changes in the market’s supply-demand curve, thus 

driving stock price adjustments. Therefore, in terms of the information embedded 

within the news, it is to be expected that news diversity correlates with market 

movements and should indicate whether the financial market pays more attention to 

certain types of events. 

 

This paper’s primary focus is on the correlation between news diversity and 

financial market movements during financial crashes, marked by extremely high 

volatility, which can be a relatively effective indicator of financial market movements. 

 

Behavioral finance theory provides a possible explanation for the correlation 

between decreasing news diversity and increasing market volatility. Specifically, 

when influential financial media outlets begin reporting negative news, the negative 

news becomes increasingly concentrated, and investors tend to overreact, making 

more extreme financial decisions than they usually would, owing to their pessimistic 

mood and sentiment. Thus, decreasing levels of diversity may be associated with 

increasing financial market volatility. When the news begins reporting once again on 



more diverse topics, the financial market gradually stabilizes, investor confidence 

starts to recover, financial decisions are swiftly adjusted, and financial market 

volatility decreases accordingly2. Therefore, our first hypothesis is as follows: 

 

H1: There is a negative correlation between news diversity and financial market 

volatility. 

 

All market investors carry out financial adjustments, as necessary, in a timely 

manner after they receive various pieces of news. Consequently, the movements of the 

financial market should follow the release of information. In reality, before the market 

collapses, the media has already begun to report on the bear market, referring to 

alarming cases, worsening market fundamentals, and the concerns of economists. 

Moreover, investors’ pessimistic moods can aggravate the situation. As a result, the 

news becomes increasingly concentrated, leading to a decreasing diversity index 

before reaching extreme levels of volatility and the market collapses. Contrastingly, 

when the news focuses on more diverse topics and disseminates increasingly 

encouraging news, investors adjust their financial decisions correspondingly and the 

financial market begins to recover. In line with the above reasoning, our second 

hypothesis is as follows: 

 

H2: News diversity can be treated as a signal for predicting financial crashes and 

recoveries. 

 

                             
2
 This paper focus on the relationship between news topic diversity and financial market movements. Information 

in news and investor sentiment discussed here are only possible effects of this mechanism. 



3. Methodology and data 

This section first introduces the method for modeling “hidden” topics in texts, 

this being the Latent Dirichlet Allocation (LDA). It also discusses the nonparametric 

method of change in the mean and the binary segmentation methods that are applied 

to detect multiple change-points in the series of news diversity. Moreover, it presents 

the textual data, data resources, and data preprocessing. 

 

3.1. Methodology 

Since texts naturally exhibit high dimensionality, the information they contain is 

difficult to quantify. The first step in making textual data easy to analyze consists of 

reducing its dimensions by clustering words into groups. Topic modeling is a 

commonly used tool for reducing dimensions. The text corpus is divided into 

documents, each of which is treated as a collection of unordered words or as a “word 

bag”. LDA is one of the most popular methods for modeling “hidden” topics in texts 

(LDA; Blei et al., 2003). Following Curme et al. (2017), we construct a diversity 

index of news topics to gauge the concentration of news topics. 

 

Based on the news diversity index3, we use the signal-plus-noise model to detect 

change-points. N denotes the set of observations 

�� = �� + ��, � ∈ 
 �1 

where ��  �� ∈ 
 denotes the time series of news topic diversity index, �� �� ∈
 is the signal and �� �� ∈ 
 is the noise part, with ����� = 0 and ������ = ��. 

 

We assume that the news diversity index is a series of dependent observations. ��, ��, … , ��, and test the null hypothesis that there is no-change in the mean of the 

news diversity �� ��: �� = ⋯ = �� ≡ � 

 

against the “one change in the mean” alternative 

 ��: �ℎ� � !" #$ !$��%�  &∗, 1 ≤ &∗ < $, "*+ℎ �ℎ#� �� = ⋯ = �,∗ ≠ �,∗.� = ⋯= ��. 
 

We are interested in the CUSUM procedures, 0� = �0��1: 1 ∈ �0,1�, 

                             
3 Details are given in Appendix A. 



0��1 =  1√$ 34 ��
5�67
�8� − 5$17$ 4 ��

�
�8� : , 1 ∈ �0,1� �2 

where 5·7 denotes the integer part. 

 

As Aue and Horváth (2013) point out 0� ⇒ >? �3 

as $ → ∞ , where ? = �?��: � ∈ �0,1� , with ?�� = C�� − �C�1 , is a 

Brownian bridge and the long-run variance >� is unknown and has to be estimated 

with an estimator >D��, which comes to 1>D� 0� ⇒ ? �4 

as $ → ∞. Following Berkes et al. (2011), we apply the Bartlett estimator to compute 

the long-run variance. 

 

We also detect multiple change-points in the news diversity by introducing a 

binary segmentation method, following Horváth et al. (2017). 

 

3.2. Textual data 

This study uses daily news from the Financial Times (accessible through the 

ProQuest Database) and the daily closing prices of the FTSE 100 and S&P 500 to 

investigate the relationship between the diversity of topics appearing in the news and 

the financial market. The sample period is from 01/02/2007 to 12/31/2009. We 

preprocess data before analyzing the textual data using the LDA model, including 

changing all words to lowercase, changing hyphens to whitespace, leaving only letters 

“a” to “z”, removing all single-letter words, stemming stopwords, and undertaking 

other data preprocesses, as in Curme et al. (2017). 

 



4. Empirical analysis 

This section discusses news diversity over the sample period, the multiple 

change-point detection of news diversity, the movements of the financial market at 

news diversity’s structural breaks, and the financial events which occur around these 

structural breaks. We do this in order to analyze whether news diversity is an effective 

predictor of financial market movements using change-point analysis. 

 

4.1. News diversity over 2007-2009 

Once the LDA is trained, each document (paragraph) F, in the whole corpus of 

daily news in the Financial Times from 01/02/2007 to 12/31/2009, can be represented 

by the K-dimensional topic vector GH = �GH,�, GH,�, … , GH,I. The news diversity index 

is then calculated following the methods of Curme et al. (2017). 

 

As proposed in Curme et al. (2017), news diversity during the weekend is 

generally lower than it is during the working week. We therefore choose to drop the 

data on Saturdays to obtain a smoother sequence. Additionally, the topics covered by 

the news are naturally associated with each other. When the news breaks, the media 

will follow it. As a result, the diversity of daily news is not expected to be 

independent4. 

 

4.2. News diversity and the financial market 

4.2.1. Granger causality test 

We perform a Granger causality test to examine the relationship between news 

diversity and financial markets, specifically to see whether there is a connection 

between levels of news diversity and the movements of the financial market in 

general. Prior to the Granger causality test, we first test for unit roots of the sequence 

of news diversity, FTSE 100, and S&P 500 daily closing price sequences (ADF, PP, 

DF-GLS). The closing price series are expressed in natural logarithms. Table 1 shows 

that the closing price series of the FTSE 100 and S&P 500 are I(1), and the news 

diversity is a stationary series. 

 

 

 

 

 

                             
4 The independence of news diversity can be rejected by the white noise test. 



 

 

Table. 1 

Test for unit roots. 

Variable ADF DF_GLS PP 

Diversity (Level) -5.373 -4.617 -25.295 

FTSE 100 (Level) -1.257 -1.411 -1.251 

FTSE 100 (1st difference) -13.889 -13.691 -30.686 

S&P 500 (Level) -1.093 -1.106 -1.234 

S&P 500 (1st difference) -23.239 -22.944 -32.373 

CV 1% -3.970  -3.480  -3.970  

CV 5% -3.416  -2.890  -3.416  

CV 10% -3.130  -2.570  -3.130  

 

Table. 2 

Granger causality test for diversity and FTSE 100 (and S&P 500). 

Equation Excluded chi2 Prob≥chi2 

L.FTSE Diversity 12.905  0.000  

L.FTSE ALL 12.905  0.000  

Diversity L.FTSE 77.576  0.000  

Diversity ALL 77.576  0.000  

L.SP Diversity 14.964  0.000  

L.SP ALL 14.964  0.000  

Diversity L.SP 53.509  0.000  

Diversity ALL 53.509  0.000  

 

Next, following Granger (1969), we carry out the Granger causality tests to test 

whether there is a relationship between news diversity and the first difference of stock 

market index. 

 

The null hypothesis of the Granger causality test is that each of the other 

endogenous variables does not Granger-cause the dependent variable in the equation. 

Therefore, Table 2 and Table 3 show that news diversity “Granger causes” S&P 500 

and FTSE 100 index and these two indices also “Granger cause” news diversity. This, 

therefore, demonstrates that a relationship exists between news diversity and the stock 

market. More importantly, it shows that past values of news diversity are useful for 

predicting the stock markets. 

 

4.2.2. Change-point detection of news diversity 



We use the change-point detection of news diversity to explain the movements of 

stock markets. In particular, we apply the change in the mean test and the binary 

segmentation method in the fixed sample of the news diversity and find three change 

points over the whole sample period, namely, on 06/27/2007, 04/16/2008, and 

04/27/2009. According to the multiple change-point detection, 04/16/2008 is the first 

detected change-point over the whole sample (Period 1) that can be divided into two 

periods; before and after 04/16/2008. The change-point of the first half is 06/27/2007 

(Period 2) and that of the second half is 04/27/2009 (Period 3). 

 

Table. 3 

Tests for structural breaks during the whole sample. 

Period Statistics Location of structural breaks 

01/02/2007-12/31/2009 1.875*** 04/16/2008 

01/02/2007-04/16/2008 1.403** 06/27/2007 

04/17/2008-12/31/2009 1.249** 04/27/2009 

Notes: This table shows the results of change-points detections over the whole sample. The 

corresponding critical values in the table are obtained from Monte-Carlo simulations with 10,000 

replications for Brownian Bridge simulations. *** (**) denotes statistical significance at 1% (5%) 

threshold level. 

 

Next, we focus on the sign of CUSUM, K�& − ,� K�$. The positive sign of 

K�& − ,� K�$ means that the change-point captures the decline of the news diversity 

and it is more likely to decrease compared with the previous period and vice versa. 

 

Based on the calculation, we find that on 04/16/2008, the first change-point 

indicates that the topic diversity is about to decline over the second half of Period 1. 

The change-point at 06/27/2007 shows a decrease in news diversity over the later 

Period 2 and 04/27/2009 shows that the news diversity level is to increase over the 

second half of Period 3. 

 

4.2.3. Movements of the stock market and changes in news diversity 

It should be noted that the objective is not to detect the specific change-point and 

time when the topic diversity level started to increase or decrease, but to detect the 

time when the cumulated change becomes statistically significant. Therefore, in this 

section, we discuss stock market movements (in relation to prices and returns), during 

the period 2007-2009, focusing on the dynamics around the timing of the news 

diversity’s change-points. Moreover, we investigate the nature of the financial events 



reported by the news media, which affected the stock market before the change-points. 

We examine how the stock market reacted when the topic became more concentrated 

(or not). 

 

We first examine the movements of the stock market (prices and returns of S&P 

500 index and FTSE 100 index) at the time of the news diversity’s change-points and 

combine this with our analysis of whether the news topics are more concentrated or 

not according to CUSUM and the movements of S&P 500 and FTSE 100 indices. On 

06/27/2007, when the news diversity level dropped over the later Period 2, it is clear 

that prices began to fall and the returns were becoming increasingly volatile. The 

change-point of the whole period was on 04/16/2008, which indicates that the news 

was about to become concentrated on fewer topics. The change-point, 04/16/2008, 

appears to be a clear indicator of the dramatic decline of prices and the extreme 

fluctuation of returns to come during the trading days that followed. 

 

We also consider whether the news diversity level could provide us with an early 

prompt or hint that the stock market is beginning to recover. In this respect, it is worth 

noting that we detect an additional change-point on 04/27/2009, which indicates an 

increase in topic diversity over the corresponding period from 04/27/2009 to 

12/31/2009. It is, therefore, interesting to focus on the stock market movements after 

this change-point date. The change-point during Period 3 is 04/27/2009, where returns 

were less volatile compared to the significant turbulence from 04/16/2008. The S&P 

500 index increased steadily after April 2009 and the levels of return volatility began 

to revert, almost back to their original levels. 

 

To explore the relationship between news diversity and stock market movements, 

and to assess the prediction effect of the news on the stock market, we review the 

financial events that occurred around the time of the change-points. We do this in 

order to study what may have been attributed to the changes in news diversity levels 

and whether they were fully and immediately reflected on the stock market. 

 

According to the St. Louis Federal Reserve Bank, the financial crisis of 

2007-2009 may have started on 02/27/2007 when the Federal Home Loan Mortgage 

Corporation (Freddie Mac) made the announcement that it will no longer buy the 

riskiest subprime mortgages and mortgage-related securities 5 . However, this 

early-warning indicator of risk was not fully appreciated by the investors, particularly 

by the European financial institutions, who continued to purchase mortgage-related 

                             
5 See https://fraser.stlouisfed.org/timeline/financial-crisis. 



securities. 

 

On 04/02/2007, the leading subprime mortgage lender, New Century Financial 

Corporation, called for Chapter 11 bankruptcy protection. The news outlets had begun 

to report on the negative financial situation6. The news was focusing on fewer topics 

relating to “credit”, “loan”, “bank”, etc., and the change-point on 06/27/2007 can be 

considered as the starting point of the financial crisis of 2007-2009, which aligns with 

the worsening financial situation. French et al. (2010) outline that the first signs of the 

global financial crisis were also beginning to appear during the summer of 2007. 

 

 

Fig. 1. The prominence of topics in the Financial Times. 

Notes: (a) The weights L,,� of each topic k for each day t in Period 2. Highly weighted topics are 

annotated with three typical words. (b) The distribution of topics for the day 05/18/2007, which is 

earlier than the first change-point, exhibits a high news diversity index. (c) The distribution of topics 

for the day 06/27/2007, which is the first change-point, exhibits a relatively low news diversity index. 

(because the news diversity index in 06/27/2007 is lower than 05/18/2007, but higher than 09/19/2007) 

(d) The distribution of topics for the day 09/19/2007, which is later than the first change-point, exhibits 

a low news diversity index. The white dotted line indicates the time of the first change-point. 

 

In order to further understand the levels of news diversity around the time of the 

first change-point, 06/27/2007, Fig. 1 shows the weight of news topics in Period 2 and 

the distribution of news topics at a selection of specific time points. It is clear in (a) 

that the topic containing words such as “stock”, “credit”, “fund”, “package”, “loan” is 

                             
6 For instance, Standard and Poor’s and Moody’s Investor Services downgraded over 100 bonds backed by 

second-lien subprime mortgages and Bear Stearns informed investors that it is suspending redemptions in June 

2007. 



becoming more and more present in the news being reported, resulting in an 

increasingly concentrated news diversity index. Before the first change-point, this 

being 06/27/2007, the distribution of topics is more uniform, and each topic accounts 

for a relatively small proportion of the news reported (here we take the date 

05/18/2007 as an example). Around the first change-point, the proportion of 

individual topics began to increase, with topics containing words such as “bank”, 

“credit” and “package” standing out significantly. As discussed, after the first 

change-point, the level of news diversity declines, and the proportion of individual 

topics that contain words related to the financial crash far exceeds other common 

topics (here we take the date 09/19/2007 as an example). 

 

The situation began to deteriorate in the summer of 2007 and worsened in early 

20087. The first detected change-point, 04/16/2008, shows that the news had focused 

on the negative situation within the financial market for an extended period of time. 

This has come to be recognized as an accurate early warning sign of the impending 

turmoil on Wall Street and the global financial crisis, indicated by the change-point in 

April 2008. 

 

In the summer of 2008, increasing numbers of financial institutions were failing, 

such as Wachovia in June and IndyMac in July. This led to a dramatic drop in prices 

and an immense fluctuation in the returns of the S&P 500 in September, marked by 

the failure of Fannie & Freddie, Merrill Lynch, Lehman, and Washington Mutual. The 

bankruptcy of Lehman was particularly damaging for the short-term debt market. The 

Financial Times had been focusing on related topics and there was a significant 

decrease in news diversity before the pace of financial institution failures began to 

quicken. 

 

Following the chaos of autumn 2008, and being under immense pressure, the US 

government established a bailout8 scheme. As a result, the stock market began to free 

itself from the most severe impacts of the situation, and the news started to return to 

                             
7
 Standard and Poor’s placed 612 securities backed by subprime residential mortgages on a credit watch, 

Countrywide Financial Corporation was warned of “difficult conditions”, Bear Stearns liquidated two hedge funds 
that invested in various types of mortgage-backed securities, American Home Mortgage Investment Corporation 
filed for Chapter 11 bankruptcy protection and Fitch Ratings downgrades Countrywide Financial Corporation to 
BBB+. The worsening financial situation began to affect the European countries, BNP Paribas, France’s largest 
bank, halted redemptions on three investment funds and the Chancellor of the Exchequer authorized the Bank of 
England to provide liquidity support for Northern Rock, the United Kingdom’s fifth-largest mortgage lender. To 
add to this, financial market pressures intensified, which was reflected in diminished liquidity in interbank funding 
markets. In 2008, Countrywide Financial was purchased by Bank of America in January and Bear Stearns merged 
with JP Morgan in March. The situation in Europe was also worsening. The Treasury of the United Kingdom took 
Northern Rock into state ownership in February. 
8 On October 3rd, 2008, the Congress passed the law of Emergency Economic Stabilization Act and established 
the $700 billion Troubled Asset Relief Program (TARP). The US government also worked to inject liquidity into 
the precarious financial institutions in October and November 2008. 



its “healthy state”. The most remarkable turnaround was seen after President Obama 

was sworn in in January 20099. The stock market began to pick up and the news 

returned to its original diversity levels, marked by the change-point on 04/27/2009. 

 

We may therefore conclude that there is an intrinsic relationship between news 

diversity levels and stock market movements. To be specific, the concentration of 

news topics is more focused when the condition of the financial market worsens. 

There will always remain negligible elements and events which cannot be reflected on 

the financial market instantaneously, such as the failure of small businesses and banks, 

people defaulting on their mortgages, and the initial deterioration of the property 

market indicators. However, all of these elements can be covered by news outlets. 

Furthermore, when news diversity returns to its original, healthier level (meaning the 

public is no longer paying such close attention to the poor market condition) it can be 

a sign of the financial markets rebounding. 

 

                             
9
 The Obama administration had over $1.1 trillion to rescue the financial market and the economy after the signing 

of the American Reinvestment and Recovery Act on February 17th 2009. 



5. Robustness checks 

This section conducts a series of robustness checks to further confirm the 

negative correlation between news diversity and financial market volatility, in order to 

assess the predictive power of news diversity. Moreover, we introduce a “distraction 

event” (Peress and Schmidt, 2020) to strengthen the results in Section 4. 

 

First, we conduct a classical empirical test. The Financial Times is released daily 

at around 05:00 London time, which is significantly earlier than the opening time of 

continuous trading for the S&P 500 index. Moreover, Atkins et al. (2018) claim that 

the behavior of time series data from financial markets is influenced by information 

from the system, capturing its past behavior, and information regarding the underlying 

fundamentals embedded in news feeds. Based on the time difference and the 

mechanism of the financial time series, we investigate the relationship between news 

diversity and the subsequent movements of the financial market by training a popular 

and classical Auto-Regressive and Moving Average (ARMA) model, where we 

choose CBOE’s volatility index (VIX) to measure market volatility. 

 

We introduce the difference of VIX index (M� ≡ NO�� − NO��P�) as it is required 

for stationary time series to train the ARMA model and it denotes the change of daily 

volatility. According to the Auto Correlation Function (ACF), Partial Auto Correlation 

Function (PACF) and information criterion, we opt for the ARMA(2,1) model. 

Furthermore, to establish the connection between news diversity and market volatility, 

we add changes in news diversity Δ�� as a regressor to our model of volatility 

changes, and find a significantly negative coefficient (t=-2.31, N=751, p<0.05). The 

negative coefficient is consistent with our research hypothesis, indicating that there is 

a negative correlation between news diversity and market volatility. In other words, a 

decrease in news diversity ��  tends to precede increased market volatility and 

increases in news diversity tend to precede a drop in market volatility on trading days. 

Consequently, when we combine this with the change-point detection in news 

diversity, we conclude that news diversity is negatively correlated with financial 

market volatility and it can be regarded as a signal for impending financial crashes 

and recoveries. 

 

Second, we extend the data beyond the 2008 financial crisis and add two control 

time periods to further verify the validation of change-point detection in different 

market conditions. We choose a different time period, from April 2018 to March 



201910, where there is severe stock market volatility, to check the robustness of the 

method. Since the recession in the autumn of 2018, the US stock market has been 

under various pressures, such as the increase in the expected yield of US Treasury 

bonds, the Fed’s interest rate hike, and the Sino-US trade war, and its condition 

subsequently began to deteriorate. Market panic intensified and volatility increased, 

and the stock market gradually slowed down until the beginning of 2019. The news 

diversity has declined significantly since October 2018. We detect a change-point 

during this period, which is on 10/19/2018 (significant at the 1% significance level). 

Based on this change-point, we focus on US stock market movements and market 

volatility around this time. We find a negative correlation between news diversity and 

market volatility, suggesting that when the news diversity begins to decline, market 

volatility tends to increase, and the change-point signals the ensuing sharp drop in the 

market. 

 

We then carry out a robustness test that finds no change-point in news diversity 

during 2019, where there are no major financial crashes. The news diversity index is 

relatively stable and there is no upward or downward trend. Furthermore, since 

recovering from the crash of October 2018, the stock market has been relatively stable. 

It has been on an upward trend and has not experienced sharp fluctuations during this 

period. 

 

Third, we show that exogenous shocks may influence news diversity and its 

effect on the stock market. Following in the footsteps of Peress and Schmidt (2020), 

we introduce a “distraction event”, one which captured worldwide headlines but had 

an arguably negligible effect on the economy and financial markets. One of the 

advantages of the LDA model is that we can extract topics from the daily news (e.g., 

Fig. 1). Among these 50 topics, we notice that there is one focusing on the US 

government and president containing keywords such as “parti” (“party”), “minist” 

(“ministry”), “elect” (“election”), “govern” (“government”). We label this as an 

“election topic”. Taking into account the nature of the news reported by the Financial 

Times, and the typical “distraction event” mentioned in Peress and Schmidt (2020), 

the Democratic National Convention (08/25/2008 - 08/28/2008) is considered to be a 

suitable exogenous shock to news diversity. 

 

With the help of the topic matrix L,,� (see, Appendix A), we verify that news 

concerning the election topic is more concentrated during the Democratic National 

                             
10
 After weighing the length of the sample and the time of the financial crash in the autumn of 2018, we choose the 

sample from April 2018 to March 2019. As long as the sample length exceeds about half a year and includes the 
autumn of 2018, different sample periods have little effect on the change-point detection. 



Convention than during other weeks. In other words, more news focused on this topic, 

and it is a topic that is not directly associated with the economy and the financial 

markets. However, although the news diversity value is lower than the average (which 

is 3.11) during the period between the second (04/16/2008) and third (04/27/2009) 

change-points, there was no significant drop in the news diversity index during the 

convention, compared to the substantial decline of the index in late September 2008. 

Moreover, taking advantage of the intraday data of the S&P 500 index, and the price 

pattern from 04/16/2008 to 04/27/2009, we find that during the convention, the stock 

market was relatively stable and there were no violent fluctuations. 

 

As a result, when there are exogenous shocks to news diversity, and these shocks 

are not directly related to the economy and financial markets, news topics tend to 

become more concentrated, and therefore news diversity decreases slightly. However, 

the concentration of news topics is temporary, and the news diversity soon returns to 

its previous level. Moreover, because the exogenous shock that causes the 

concentration of news topics is not directly related to the economy, the short-term 

decline in news diversity will not be reflected in the overall stock market in the long 

term. Therefore, even if these exogenous shocks from the news with little connection 

to the economy have a temporary, rather than a cumulative effect, on news 

concentration, they will not qualitatively affect our conclusions. 

 

Incorporating exogenous shocks to our news diversity and change-point tests 

strengthens the results of our paper in two respects. First, exogenous shocks often 

manifest as a concentrated discussion on a particular topic (e.g., election topic). 

However, to build news diversity, multiple topics are required (50 topics in this 

article), meaning that the concentrated discussion on a specific topic caused by 

exogenous shocks will not bring about a significant decline in news diversity. Second, 

the change-point detection applied in this paper is based on a cumulative sum. In 

other words, for a change-point to be detected, the news diversity index must be 

continuously declining. However, it is clear that exogenous shocks do not meet this 

condition, while the research object discussed in this paper, i.e., an extreme event 

such as the financial crisis, does. Therefore, there would be no detected change-point 

in the news diversity due to exogenous shocks in the news that would thus cause an 

inaccurate prediction of financial crashes. 

 



6. Conclusion 

Technological forecasting is, now more than ever before, at the heart of the field 

of finance, due to the global and powerful e-market, new technologies and recent 

useful applications, such as big data and cloud computing. This study breaks new 

ground by investigating the relationship between news diversity and the movements 

of the financial market using change-point detection. Based on multiple change-point 

detections, this paper reveals two types of change-points that exist in the time series 

of news topic diversity. One type demonstrates that news diversity tends to decrease 

compared with the prior period, and the other type confirms that the diversity 

increases relative to the first half of the period. The first type of change-point 

demonstrates that the financial media is focusing on intensive negative news and the 

market will become more volatile and is at risk of collapse in the following trading 

days. The second type of change-point shows that news diversity has returned to a 

more diversified level and the stock market is going to recover. The empirical analysis 

reveals that there exists an intrinsic relationship between news diversity and stock 

market performance. Almost every financial event can be covered by the major 

financial media outlets, however, it may not be reflected on the market in a timely and 

complete manner. More specifically, news topics are more concentrated when the 

condition of the financial market worsens. However, when the markets warm up, the 

news diversity returns to a higher level. Therefore, the change-points of these 

different stages are useful for predicting the financial market. 

 

Several implications flow from these observations. Firstly, with the further 

development of big data, relevant research methods and data sources suitable for 

financial market research should be more diverse and technical. This study begins by 

using news from the financial media and provides an initial study between news 

information and financial markets during financial crashes using a mathematical 

model. Therefore, significant benefits can be derived when news media, computer 

science, and mathematical methods are combined when studying and forecasting the 

financial market. Moreover, modern-day investments do not need to only rely on 

traditional data sources, such as market fundamentals and financial statements. 

Innovative data sources such as the news from the financial media can be 

incorporated as an effective supplement to existing research.



Appendix A. Topic Modeling 

First, we introduce a selection of terms used in the LDA model: 

1) A word R is defined to be an item from a vocabulary indexed by {1, … , N}, the 

distribution is Multinominal U,, N is the number of words. It is a fixed number; 

2) A document F is a sequence of 
 words denoted by V = �R�, R�, … , RW, where 
H is the number of words in document F. It is a random variable; 

3) A corpus X  is a collection of Y  documents denoted by X = {V�, V�, … , VZ}, 

where Y is the number of documents in the corpus. It is a fixed number; 

4) Topic [ and its distribution is Multinominal GH, \ is the number of topics. It is 

a given number; 

5) Distribution U,  and GH have conjugate distributions X! !+ℎ]���^  and X! !+ℎ]���_. 
 

The generative process under the LDA model are as follows: 

1) Sampling topic distribution GH of document F, G ∼ X! !+ℎ]���^; 
2) Sampling word distribution U, of topic &, U ∼ X! !+ℎ]���_; 

3) Sampling topic 0H,� of word RH,� in document F, [ ∼ Y*]�!�G; 
4) Sampling word RH,� in topic 0H,�, R ∼ Y*]�!�U; 
5) Repeat 
H times. 

 

Finally, we can obtain the topic distribution GH  of document F , and the 

corresponding word distribution U,. 

 

Following Curme et al. (2017), we construct diversity of news. Each document F represents each paragraph as a mixture of \ topics (\ = 50). According to the 

LDA model, we compute the k-dimensional topic vector GH = �GH,�, GH,�, … , GH,I, 
where X� is the documents in the Financial Times issue on day t, and $�X� is the 

number of documents in the set X�. Thus, we have a topic matrix L,,�. 
 

The News Diversity is then as follows: 

�� = − 4 L,,� logeL,,�fI
,8� . Eq. �A. 1 

 

  



Appendix B. Nonparametric method: Change in the mean 

The model used in our paper is the signal-plus-noise model, 
 denotes the set 

of observations �� = �� + ��, � ∈ 
 Eq. �B. 1 

where ���� ∈ 
 denotes the time series of news topic diversity index, ���� ∈ 
 is 

the signal and ���� ∈ 
 is the noise part, with ����� = 0 and ������ = 0. 

 

Considering the characters and practical significance of the news diversity index, 

we focus on dependent observations, ��, ��, …, ��, to test the null hypothesis that 

there is no-change in the mean of the news diversity �� ��: �1 = �2 = ⋯ = �$ ≡ � 

against the “one change in the mean” alternative ��: there is an integer &∗, 1 ≤ &∗ < $, such that �1 = ⋯ = �,∗ ≠ �,∗.� = ⋯ = �$. 
The CUSUM procedures, 0� = �0��1: 1 ∈ �0,1�, is interested. 

0��1 =  1√$ 34 ��
5�67
�8� − 5$17$ 4 ��

�
�8� : , 1 ∈ �0,1� Eq. �B. 2 

where 5·7 denotes the integer part. Clearly, under the null hypothesis, 

0��1 =  1√$ 34 ��
5�67
�8� − 5$17$ 4 ��

�
�8� : , 1 ∈ �0,1�. Eq. �B. 3 

 

On the basis of (B.3), the CUSUM process under the null hypothesis is 

independent of the unknown mean �, and is decided by the large-sample behavior of 

the partial sums of ���: � ∈ 
. The noise part is not independent. It is possibly 

correlated. 

 

Define the standardized partial sum process K� = �K��1: 1 ∈ �0,1� by 

K��1 = 1√$ 4 ��
567

�8� , 1 ∈ �0,1�. Eq. �B. 4 

 

According to Aue and Horváth (2013), partial sum satisfies K� ⇒ >C Eq. �B. 5 

in the Skorohod space [0,1], where ‘⇒’ denotes weak convergence as $ → ∞, and C = �C��: � ∈ �0,1� is a standard Brownian motion, with known continuous and 

non-degenerate covariance kernel &� , " = ��C� C�"�. 



 

If (B.5) holds, it can be easily shown that 0� ⇒ >? Eq. �B. 6 

as $ → ∞ , where ? = �?��: � ∈ �0,1� , with ?�� = C�� − �C�1 , is a 

Brownian bridge. >� is typically referred to as the long-run variance, which can be 

estimated by >D��. (B.6) implies 1>D� 0� ⇒ ? Eq. �B. 7 

as $ → ∞. 

 

A large volume of literature has researched the optimal estimator for >�. In the 

serial correlation case, we follow the suggestion of Berkes et al. (2011) by applying 

the Bartlett estimator for a consistent estimator of the long-run variance of small 

sample serial correlation models, such as first order autoregressive and moving 

average processes. 

 

The Bartlett estimator is given by 

"̂�� = xy� + 2 4 > z {ℎ�$|�P�
}8� xy} Eq. �B. 8 

where 

xy} = 1$ 4��� − ���e��.} − ���f�P}
�8� Eq. �B. 9 

��� = 1$ 4 ��
�

�8� . Eq. �B. 10 

 ω�· is the kernel and h�· is the length of the window. Assume that ω�· and h�· satisfy the following standard assumptions: ω�0 = 1, ω�� = 0 !� � > # with some # > 0, ω�· is a Lipschitz function, ωD�·, the Fourier transform of ω�·, is also Lopschitz and integrable 

and ℎ�$ → ∞ and ℎ�$$ → ∞    as $ → ∞. 
 



We use ℎ�$ = $�/� as the window and the flat top kernel 

ω�� = �   1, 0 ≤ � ≤ 0.11.1 − |�|, 0.1 ≤ � ≤ 1.1 0, � ≥ 1.1 . Eq. �B. 11 

 

Following Bazarova et al. (2014), our testing procedures are based on 1>D� sup��6��|0��1| Eq. �B. 12 

and it follows immediately from (B.10) that under the null hypothesis 1>D� sup��6��|0��1| →� sup��6��|?��1| . Eq. �B. 13 

  



Appendix C. Multiple changes 

This part follows Horváth et al. (2017). Assume that �� = �� + ��, where ��, ��,…,�� are dependent random variables. The multiple changes in the mean means 

that 

�� = � Δ�, 1 ≤ ! ≤ &�∗Δ�, &�∗ ≤ ! ≤ &�∗⋮ΔH.�, &H∗ ≤ ! ≤ $ , Eq. �C. 1 

where F  denotes F  changes in the mean, which is a given integer, and Δ�, … , ΔH.�, &�∗, … , &H∗  are unknown parameters. We test the null hypothesis that ��� : Δ� = Δ� = ⋯ = ΔH.�. 
We introduce a binary segmentation method, and test the null hypothesis in 

Section 3.1. If �� is rejected, this implies that we could locate the first change-point &��. Next, we divide the fixed sample into two subsamples ���, 1 ≤ ! ≤ &��� and ���, &�� < ! ≤ $�, and then test both subsamples for further changes. 
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