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Abstract

Recently, more and more news media textual data with high-dimensional and un-
structured features has been used in the economic and financial research, and has
become a hot topic in the field of Media, Economics and Finance, and Computer
Science. However, generally studies fail to make full use of big data to predict the
financial market crash effectively, especially the prices movements. This paper inves-
tigates the relationship between financial news diversity and financial crash applying
the change-point detection. Empirical analysis shows that (1) there does exist a real-
tionship between news diversity and financial market, (2) the news diversity tends to
decline when the market falls and volatility soars, and goes back to higher level when
the market upward and recovers, (3) the multiple structural breaks detected do help
the forecast of price movements of stock market. Therefore, the change-point detection
of financial news diversity can be a helpful earning warning of financial market falls or
recoveries.

1 Introduction

With the rapid development of the Internet and the further improvement of computer
technology, more and more textual data has been applied to the research in economy and
finance. Different from traditional data, textual data is natrually high-dimensional and
unstructured, which can be handled by the using of topic modelling and other machine
learning methods. In recent years, textual big data has gradually become active in the field
of economic finance (Baker et al., 2016; Shapiro et al., 2018; Tetlock, 2007; Kim and Kim,
2014; Jegadeesh and Wu, 2013; Fang and Peress, 2009).

Among textual data, the more commonly used information is usually derived from daily
financial news (Thorsrud, 2018). The financial transaction data reflects the trader’s decision-
making (Simon, 1955), buying or selling, which affects the price movements and volatility
of the financial market. These decisions may be affected by various types of information
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in trader’s environment. In modern society, our interaction with the Internet is becoming
a new source of information (Vespignani, 2009; King, 2011; Vosen and Schmidt, 2011).
Additionally, Alanyali et al. (2013) pointed out that traders can not only actively receive
information by searching for information online, but also receive news by passively or actively
receiving news from influential financial media.

The performance of financial markets accumulates for some time. Unlike the effective
market hypothesis, securities prices have fully responded to public and private information
(Malkiel and Fama, 1970), behavioral finance has proven that news plays an important
role in pricing mechanisms (Nofsinger, 2005). For instance, the occurrence of a financial
crisis is not a one-day event. It takes a certain amount of time to ferment, resulting in a
concentrated outbreak at a certain point in time. These subtle changes in fundamentals
cannot be absorbed by all investors to the financial market, instead, the financial media are
served as the carriers of these tiny information. In addition, when financial markets are
experiencing violent fluctuations, the financial media will disseminate timely information to
the public and track reports in a more professional way.

Financial media have a certain degree of interaction with the dynamics of financial
markets. Alanyali et al. (2013) found that there was a positive correlation between the
number mentioned by media and the daily trading volume of the stocks on the day before
and the same day as the news release. That is, financial markets and financial news are
intrinsically interrelated. Further, Curme et al. (2017) noted that there were interesting
features of news diversity. For instance, during the “silly seasons” in summer the media
would mainly focus on frivolous topics and the news topics were more concerntrated on fewer
issues during a war or natural disasters or financial crisis. Therefore, Curme et al. (2017)
developed a news diversity index based on Financial Times, one of the major financial media,
and revealed that there was forecast effect of news diversity on the trading volume and the
news diversity tended to drop when the stock market failed. However, they did not find a
relation between news diversity and the subsequent price movements.

In this context, the objective of our paper is to examine the relationship between the
financial news diversity and the performance of financial market furtherly and then discover
the prediction effect of financial diversity on the dynamics of financial market, especially the
prices and returns of stock market index. We select the financial news in Financial Times
during the period of 2007 to 2009 from the ProQuest Database. To investigate the news
diversity and its prediction effection, we construct news diversity index based on Curme et
al. (2017) and apply change-point detection in the dependent case. We present evidence that
the news diversity can grasp and forecast the performance of stock market well in general
by the change-point analysis.

This paper may contribute to the academic discussion in several ways. First, instead
of studying the forecast of trading volume (Curme et al., 2017), we focus on the forecast
of the performance of financial market, and reveal an early warning effect of news diversity
on the prices and returns of stock index, which is more crucial to the market and investors.
Second, we use the method of change-point detection, a mathematical technique, to explore
the relationship, rather than continuing previous studies applying conventional empirical
methods (Birz and Lott, 2013; Zhang et al., 2017; Curme et al., 2017), which can get around
endogenous problems. The remainder of this paper is organised as follows. Section 2 is
literature review, Section 3 introduces the methodology and data, Section 4 discusses the
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empirical findings, Section 5 presents our conclusion.

2 Literature Review

There are increasing and innovative studies on the application of textual analysis in
economic and financial filed of late years.

In economic studies, textual analysis is widely used for constructing index derived from
business newspapers; see e.g. Baker et al.(2016) for index of economic policy uncertainty
(EPU), and related works on EPU (Lee, 2018; Zalla, 2017; Colombo, 2013; Gulen and Ion,
2015), and Thorsrud(2018), Shapiro et al.(2018) for daily economic cycle index and economic
sentiment. Not only newspapers, digging up and exploiting textual information nested in
annual reports is also an expedient way for research in economics, for instance, Hoberg and
Phillips (2016) measured product similarity for a new way of industry classification based
on textual information analysing product descriptions in the annual reports (10-K).

In financial field, textual analysis is more devoted to uncovering relationship between
mass media and the financial market. Firstly, novel proxy variables for financial market is
an initial and fruitful effort with textual information. From earlier advertising costs (Lou,
2014; Chemmanur, 2019), the number of news (Barber and Odean, 2007) and even the forum
speech (Antweiler and Frank, 2004) to latest studies on search volume indicator (SVI, Engel-
berg and Gao, 2011) characterizing investor attention measured by Google Trends, textual
analysis does make an impressive achievement in the financial market research. Besides, me-
dia coverage derived from textual information can be served as a direct connection between
media and the financial market, which draws a great number of studies. Fang and Peress
(2009) believed that by reaching out to investors, media can alleviate information friction
and affect safe pricing, even if it does not provide intrinsic news. Moreover, more social-
ly responsible companies (Cahan et al., 2015), higher returns (Fang and Peress, 2009) and
stronger momentum (Hillert et al., 2014) are positive correlated with higher media coverage.

Recently, textual data originating from well-known and credible financial newspapers,
such as Wall Street Journal and Financial Times, has been employed to probe financial
market movements. News Implied Volatility (NVIX) is a trendy keyword. Manela and
Moreira (2017) used the front page of the Wall Street Journal to build text-based uncertainty
metrics and the NVIX peaked during stock market crashes. Moreover, there are growing
investigations about the interaction between financial market movements and financial news
changes. Alanyali et al. (2013) used the corpus of Financial Times and found that there
is a positive correlation between the number mentioned by the Financial Times and the
daily trading volume of the company’s stock on the day before and the same day as the
press release. Curme et al. (2017) constructed a news diversity indicator and showed that
the diversity of financial news can improve the trading volume forecast of the stock market.
Evidence suggested that while financial news concerns tend to focus on a fewer topics after
the stock market declines, news diversity will be healthier after the market begins to move
up.

In sum, this section deals with literature from two perspectives: the application of
textual analysis in economic and financial researches, and the relationship between financial
news and financial market explored from textual data. Firstly, there are numerous papers
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studying the application of textual analysis in nowadays economic and financial researches,
which is a popular research interests. Secondly, the relationship between financial news and
financial market has attracted major attention, which focus on the traditional and simple
econometric model to solve the economic and financial problems based on some indicators
derived from textual data. To the best of our knowledge, few researches concentrated on
the application of textual analysis in the prediction of financial market and the research
methods are relatively simple in most studies. Therefore, based on previous research, our
paper introduces more logical mathematical theories to explore the relationship between
economic and financial news and financial market events, in order to do some prediction for
the financial market.

3 Methodology and Data

This section introduces the Latent Dirichlet allocation(LDA; Blei et al.(2003)). Fur-
thermore, the nonparametric method of change in the mean(Aue and Horváth, 2013) and a
binary segmentation method(Vostrikova, 1981), which are applied to detect multiple change-
points in the series of News Diversity we computed using topic modelling method, will be
discussed. And then we will present the textual data, data resource and some data prepro-
cess.

3.1 Topic Modelling

Since the text naturally has the characteristics of high dimensionality, the information
contained in the text is difficult to quantify. The first step in making these textual data easy
to analyse is usually to reduce its dimensions by collecting words into groups. A common
tool is the topic modelling. In this way, the text corpus is divided into documents, each of
which is usually treated as a collection of unordered words or as a “word bag”, that is, it’s
a composition of words that have high or low probability in various topics. Latent Dirichlet
allocation(LDA; Blei et al.(2003)) is one of the most popular methods in modelling hidden
topics in text.

First, we introduce some terms in the LDA model:

1. A word w is defined to be an item from a vocabulary indexed by {1, . . . , V }, the
distiburion is Multinominal ϕk, V is the number of words, and it’s a fixed number;

2. A document m is a sequence of N words denoted by d = (w1, w2, . . . , wN), where Nm

is the number of words in document m and it’s a random variable;

3. A corpus D is a collection of M documents denoted by D = {d1, d2, . . . , dM}, where
M is the number of documents in the corpus, it’s a fixed number;

4. Topic z and its distribution is Multinominal θm, K is the number of topics, and it’s
given;

5. Distibution ϕk and θm have conjugate distributions Dirichlet(α) and Dirichlet(β).
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The generative process under the LDA model are as follows:

1. Sampling topic distribution θm of ducument m, θ ∼ Dirichlet (α);

2. Sampling word distribution ϕk of topic k, ϕ ∼ Dirichlet (β);

3. Sampling topic Zm,n of word wm,n in document m, z ∼Multi(θ);

4. Sampling word wm,n in topic Zm,n, w ∼Multi(ϕ);

5. Repeat Nm times.

Finally, we can get the topic distribution θm of document m, and the corresponding
word distribution ϕk.

Following the idea of Curmer et al.(2017), we can construct diversity of news. Each
document m, it represents each paragraph is a mixture of K topics (K = 50). According
to the LDA model, we can get the k−dimensional topic vector θm = (θm,1, θm,2, . . . , θm,K),
where Dt is the documents in the Financial Times issue on day t, and n(Dt) is the number
of documents in the set Dt. Thus, we can reach a topic matrix ρk,t.

The News Diversity then follows:

Ht = −
K∑
k=1

ρk,t log (ρk,t) (1)

3.2 Nonparametric method: Change in the mean

The used model in our paper is the signal-plus-noise model, N denotes the set of obser-
vations

Xt = µt + εt, t ∈ N (2)

where (µt : t ∈ N) is the signal and (εt : t ∈ N) is the noise part, with E [εt] = 0 and E [ε2t ] =
σ2.

Considering the characters and practical significance of the news diversity index, we
focus on the dependent observations, X1, X2, . . . , Xn, and are to test the null hypothesis
that there is no-change in the mean of the news diversity Ht

H0 : µ1 = · · · = µn ≡ µ (3)

against the “one change in the mean” alternative

HA : there is an integer k∗, 1 ≤ k∗ < n,

such that µ1 = · · · = µk∗ 6= µk∗+1 = · · · = µn

(4)

We are still interested in the CUSUM procedures, Zn = (Zn(x) : x ∈ [0, 1]), which is also
a basic object of research in the independent case studying in Csörgo and Horváth (1997)

Zn(x) =
1√
n

bnxc∑
t=1

Xt −
bnxc
n

n∑
t=1

Xt

 , x ∈ [0, 1] (5)
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where b·c denotes the integer part. Clearly, under the null hypothesis,

Zn(x) =
1√
n

bnxc∑
t=1

εt −
bnxc
n

n∑
t=1

εt

 , x ∈ [0, 1]. (6)

On the basis of (6), the CUSUM process under the null hypothsis is dependent with
the unknown mean µ, and is decided by the large-sample behavior of the partial sums of
(εt : t ∈ N). In our settings, the noise part does not an independent case, they are possibly
correlated.

We define the standardized partial sum process Sn = (Sn(x) : x ∈ [0, 1]) by

Sn(x) =
1√
n

bxc∑
t=1

εt, x ∈ [0, 1]. (7)

Next, we consider the asymptotic behavior of the partial sums of (εt : t ∈ N). According
to Aue and Horváth (2013), partial sums satisfies

Sn ⇒ ωW (8)

in the Skorohod space [0,1], where ‘⇒’ denotes weak convergence as n → ∞, and W =
(W (t) : t ∈ [0, 1]) is a standard Brownian motion, with known continuous and non-degenerate
covariance kernel k(r, s) = E[W (r)W (s)].

If (8) holds, it can be easliy shown that

Zn ⇒ ωB (9)

as n→∞, where B = (B(t) : t ∈ [0, 1]), with B(t) = W (t)− tW (1), is a Brownian bridge.
As Aue and Horváth (2013) pointed that ω2 is typically referred to as the long-run variance.
If the estimator ω̂2

n from the given data is consistent with the long-run variance, (9) implies

1

ω̂n

Zn ⇒ B (10)

as n→∞.
A large volume of literature has researched the optimal esitimator for ω2. For instance,

Hannan (1957), Berk (1974), Newey and West (1987), Andrews (1991) and Robinson and
Velasco (1997) have made great contributions. In the serial correlation case, we refer to
the recent work by Müller (2007) for a more efficient estimator of the long-run variance of
small sample serial correlation models, such as first order autoregressive and moving average
processes.

Müller (2007) gave an estimator, ω̂2
UA(p), which has competitive performance compared

to previously studied long-run variance estimators. Let ϕl and rl with r1, r2, . . . and l =
1, 2, . . . be a set of continuous eigenfunctions and eigenvalues of k(r, s) = E[W (r)W (s)].
Phillips (1998) worked out the eigenvalues and eigenfunctions of k(r, s) = E[W (r)W (s)]

that rl = π−2
(
l − 1

2

)−2
and ϕl(s) =

√
2 sin

(
π
(
l − 1

2

)
s
)
.
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The recommend esrimator by Müller (2007) is modified

ω̂2
UA(p) = p−1

p∑
l=1

ξ̂2l (11)

where ξ̂l = r
−1/2
l T−1

∑T
t=1 ϕl(t/T )uT,t, and the choice of parameter p is a trade-off between

the robustness and efficiency, which we decide p = 2 accodring to the simulations and analysis
promoted by Müller (2007).

Following Bazarova et al. (2011, 2014), our testing procedures are based on

1

ω̂n

sup
0≤x≤1

|Zn(x)| (12)

and it follows immediately from (10) that under the null hypothesis

1

ω̂n

sup
0≤x≤1

|Zn(x)| D−→ sup
0≤x≤1

|B(x)|. (13)

3.3 Multiple changes

We would like to detect multiple change-points in the news diversity. Assume that
Xi = µi + εi, where ε1, ε2, . . . , εn are dependent random variables. The multiple changes in
the mean means that

µi =


∆1, 1 ≤ i ≤ k∗1
∆2, k∗1 < i ≤ k∗2
...
∆m+1, k∗m < i ≤ n

(14)

wherem denotesm changes in the mean, which is a given integer, and ∆1, . . . ,∆m+1, k
∗
1, . . . , k

∗
m

are unknown parameters. We are to test the null hypothesis that

H ′0 : ∆1 = ∆2 = · · · = ∆m+1 (15)

We introduce a binary segmentation method, and firstly test the null hypothsis in Sec-
tion 3.2. If H0 is rejected, implying that we could locate the first changepoint k̂(1). Next,

divide the fixed sample into two subsamples
{

Xi, 1 ≤ i ≤ k̂(1)
}

and
{

Xi, k̂(1) < i ≤ n
}

,

and then test both subsamples for further changes.

3.4 Textual data

In order to focus on investigating the relationship between the diversity of topics appear-
ing in financial news, represented by daily issues of Financial Times, and financial market.
We use a corpus of daily financial news issued by Financial Times, which is accessible in
the ProQuest Dataset and the daily closing prices of FTSE 100 and S&P 500. The sample
period is from January 2, 2007 to December 31, 2009. According to the data requirement
for the LDA model, we do some data preprocessing before applying the textual data to the
LDA model, including lowercase all words, change hyphens to whitespace, only letters “a”
to “z” are left, clean single-letter words and stemmed stopwords, and other data preprocess
according to Curme et al.(2017).
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Figure 1: News diversity from 2007/01/02 to 2009/12/31.

4 Empirical Analysis

In this section, we will discuss about the news diversity over our sample period, multiple
change-point detection of news diversity, and survey the performance of financial market at
news diversity’s structural breaks, especially the prices and returns, to investigate whether
the news diversity is a good prediciton of financial market movements by applying change-
point analysis.

4.1 News diversity over 2007-2009

Once the LDA is trained, each document m, namely each paragraph, in our whole corpus
containing daily news in Financial Times from January 2, 2007 to December 31, 2009, can
be presented by the K-dimensional topic vector θm = (θm,1, θm,2, . . . , θm,K), and then we can
calculate the news diversity index following Curmer et al. (2017).

As we trained and calculated, Figure 1 shows the news diversity index (including the
weekend) and Figure 2 shows the box plot of news diversity, aggregated by weekdays. It is
evident that news diversity in weekend is generally below that of weekday’s for the special
columns in weekend. Therefore, in order to get a more smooth sequence and the CUSUM
method free from the data feature making the change-point detection more convincing, we
drop the data of Saturdays. And Figure 3 seems that news diversity getting rid of Saturdays
is more stationary than before. Additonally, the topics news focuses are naturally associated.
Once a news breaks out, the media will continue to follow it. As a result, the diversity of
daily news will not be independent1.

4.2 News diversity and financial market

4.2.1 Granger causality test

In order to examine the relationship between news diversity and financial market, espe-
cially to see whether the news diversity could help predict the performance of the financial
market, we do the Granger causality test to depict the general relation in advance.

Before the Granger causality test, we firstly test for unit roots for the sequence of news
diversity, FTSE 100 and SP 500 daily closing price sequences (ADF, PP, DF-GLS), and the

1The independece of news diversity can be rejected by white noise test.
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Figure 2: Box plots of the news diversity, aggregated by weekday.

Figure 3: News diversity from 2007/01/02 to 2009/12/31 dropping weekend.

closing price series are expressed in natural logarithms. Table 1 shows that the closing price
series of FTSE 100 and SP 500 are I (1), and the news diversity is a stationary series.

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
SP 500(Level) -1.093 -1.106 -1.234
SP 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

Next following Granger (1969), we fit a VAR and do the Granger causality tests to look
into whether there is some relationship between news diversity and the first difference of
stock market index.

The null hypothesis of Granger causality Wald test is each of the other endogenous
variables does not Granger-cause the dependent variable in that equation. Therefore, Table
2 and Table 3 present that news diversity “Granger causes” SP 500 and FTSE 100 index
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Table 2: Granger causality test for diversity and FTSE 100
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

Table 3: Granger causality test for diversity and SP 500
Equation Excluded chi2 Prob ≥ chi2
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

and these two index also “Granger cause” news diversity. Therefore, till now, it shows that
there does exit relationship between news diversity and stock market, and what’s important,
past values of news diversity are useful for predicting the stock market. As a result, the
following change-point detection of news diversity can be used to explain the performance
of stock market in some way.

4.2.2 Change-point detection of news diversity

By applying the change in mean test and the binary segmentation method in the fixed
sample of the news diversity series which is except for Saturdays, we can find 6 change
points over the whole sample period, which lie at 2007/03/23, 2007/06/27, 2008/04/16,
2008/09/05, 2008/11/24, 2009/04/27, respectively2. According to the multiple changepoint
detection, 2008/04/16 is the first changepoint deteceted over the whole sample (Period 1 ),
which can be seperated into two periods with the point of 2008/04/16. 2007/06/27 is the
changepoint for the first half (Period 2 ) and 2009/04/27 is for the second half (Period 3 ).
Next, 2007/03/23 is detected over 2007/01/02 to 2007/06/27 (Period 4 ). Futher, we detect
2008/11/24 over the period from 2008/04/16 to 2009/04/27 (Period 5 ) and 2008/09/05 over
2008/04/16 to 2008/11/24 (Period 6 ).

Combining the statistics we calculated in “Change in mean” and the topic diversity’s
trend shown in Figure 4, we can focus on the sign of S(k)− k

n
S(n), that is to say, if S(k)−

k
n
S(n) is positive at the change-point, the change-point detection method has grasped the

maximum decline of the news diversity and the topic diversity is more likely to decrease
compared to the prior period and vice versa. Futhermore, with the help of the figure, we can
verify whether the diversity is going to drop or rise after the change-point over its respective
periods.

2Because of the long-run variance estimators are closely bound up with the sample sizes, the change-point
detection will stop when the period is less than 100 trading days.
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Table 4: Tests for structural breaks during the whole sample
Period Statistics Location of structural breaks
2007/01/02-2009/12/31 10.660∗∗∗ 2008/04/16
2007/01/02-2008/04/16 3.132∗∗∗ 2007/06/27
2008/04/17-2009/12/31 3.287∗∗∗ 2009/04/27
2007/01/02-2007/06/27 4.160∗∗∗ 2007/03/23
2008/04/17-2009/04/27 4.044∗∗∗ 2008/09/05
2008/09/05-2009/04/27 5.025∗∗∗ 2009/11/24

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. *** Significant at 1% significance level.

Figure 4: Change-points in news diversity from 2007/01/02 to 2009/12/31.

Figure 5: Change-points in news diversity from 2007/01/02 to 2009/12/31 with periods
division.
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Figure 6: Prices of SP500 at the time of news diversity’s change-points.

Figure 7: Returns of SP500 at the time of news diversity’s change-points.

After calculation, we find that at 2008/04/16, the first change-point, indicates that
the topic diversity is about to decline over the second half of period 1. Change-point at
2007/06/27 shows that the decrease of news diversity later over period 2 and 2009/04/27
shows that the news diversity is to increase over the second half of period 3. 2007/03/23
presents that news diversity tends to go up later in the period 4, and in period 3 the two
more change-points 2008/09/05 and 2008/11/24 furtherly indicate that the news diversity
is going to decrease and rebound later in period 5 and period 6.

4.2.3 Performance of stock market at time of news diversity’s changepoint

It should be noted that we are not to detect the change-point exactly the time when
the topic diversity started to increase or decrease, but to grasp the time when the cumu-
lated change is statistically significant. Therefore, in this part, we will discuss about the
performance of the stock market (prices and returns), during the period of 2007 to 2009,
focusing on the dynamics around the timing of the news diversity’s changepoints particular-
ly. Furthermore, we would like to investigate what financial events have happened to affect
the stock market before the change-point and how the stock market behaved when the topic
tended to be more concentrated or not.

Firstly, let’s look into the performance of the stock market, especially the prices and
returns of SP 500 index and FTSE 100 index at the time of news diversity’s change-points.

Combine the analysis on whether the news topic is to more concentrated or not according
to CUSUM and the figures of the performance of SP 500 index and FTSE 100 index. At
2007/06/27, when the news diversity is to drop later over period 2, it is clear that the price
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Figure 8: Prices of FTSE100 at the time of news diversity’s change-points.

Figure 9: Returns of FTSE100 at the time of news diversity’s change-points.

begun to fall and the returns were becoming more and more volatile. 2008/04/16 is the
change-point of the whole period which indicated that the news topic was to concentrated
on fewer topics later and it seems to be a good warning for the dramatic decline of prices and
extreme volatility during the latter half of year 2008. Based on the CUSUM, 2008/09/05
also indicated a descent of news diversity over 6, and it is evident that the price experienced
a rapid drop and the returns sunk into a maelstrom during these periods.

On the other hand, could the news diversity give us an early prompt or hint that the
stock market is beginning to recover? It should be noted that we also detect two change-
points, 2008/11/24 and 2009/04/27, which indicated an increase of topic diversity over the
corresponding period. Therefore, let’s focus on the performance of stock market after these
two change-points. 2008/11/24 is the change-point over the period from 2008/04/16 to
2009/04/27, and the returns were less volatile from 2008/11/24 compared to the hitting
turbulence from 2008/09/06 to 2008/11/24. And coincidentally, there were also rallying
equities in the stock market, which can be reflected on the prices of SP 500 and FTSE 100
index. Even more interesting, the first change-point, 2007/03/23, showed an increasing trend
of topic diversity before the big chaos. In turn, the prices went up and the volatility was
moderate compared to the early stage.

The connection between the ascent of news diversity and the rebound of stock market
reflects more vividly at the change-point of 2009/04/27 over 2008/04/16 to 2009/12/31.The
price of SP 500 index increased steadily after April 2009 and the returns volatility started
to recover to normal and almost original levels.

Furthermore, in order to explore the relation between news diversity and stock mar-
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ket performance and the predict effect of financial news on the stock market, we review
the financial events happened around the change-points to study what have attributed the
changes of news diversity and whether they have reflected on stock market immediately.

According to the St.Louis Federal Reserve Bank, the Financial Crisis of 2007-2009 may
start on February 27, 2007 when the Federal Home Loan Mortgage Corporation (Freddie
Mac) made an announcement that it will no longer buy the most risky subprime mortgages
and mortgage-related securities3. However, the risk early-warning was not appreciated by the
investors, especially the European financial institutions in truth who continued purchasing
mortgage-related securities. And after the announcement, the market even went up for some
time.

At April 2, 2007, the leading subprime mortgage lender New Century Financial Cor-
poration called for Chapter 11 bankruptcy protection. The financial news had begun to
cover the bad financial situation, such as Standard and Poor’s and Moody’s Investor Ser-
vices downgrade over 100 bonds backed by second-lien subprime mortgages and Bear Stearns
informs investors that it is suspending redemptions in June 2007. In other words, the fi-
nancial news had begun to focus on fewer topics related to “credit”, “loan”, “bank”, etc.,
and the change-point at 2007/06/27 can be served as a starting point of the Financial Crisis
of 2007-2009, which is consistent with the increasingly worse financial situation and French
et al. (2010) considered the first symptoms of the World Financial Crisis appeared in the
summer of 2007.

The situation began to deteriorate in the summer of year 2007. Standard and Poor’s
places 612 securities backed by subprime residential mortgages on a credit watch, Country-
wide 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+. And the bad situation
began to the European countries, BNP Paribas, France’s largest bank, halted redemption-
s on three investment funds and the Chancellor of the Exchequer authorizes the Bank of
England to provide liquidity support for Northern Rock, the United Kingdom’s fifth-largest
mortgage lender. What’s worse, financial market pressures intensified, which can be reflected
in diminished liquidity in interbank funding markets.

Situations went worse in the beginning of year 2008, Countrywide Financial was pur-
chased by Bank of America in January and Bear Stearns was merged by JP Morgan in March.
The situation in Europe is not optimistic neither. The Treasury of the United Kingdom took
Northern Rock into state ownership in February. Therefore, the first detected change-point,
2008/04/16 shows that the financial news has concentrated on the bad situation of financial
market for a long time, not very short at least. And very little helps a mickle, it has become
a very precise early warning of the turmoil on Wall Street and the following global crisis,
with the help of the change-point at April 2008.

In summer of year 2008, more and more financial institutions failed, such as Wachovia in
June and Indy Mac in July. There will be a melodramatic drop in the price and an immense
fluctuation in return of SP 500 in September, marked with the failure of Fannie & Freddie,
Merrill Lynch, Lehman and Washington Mutual. The bankruptcy of Lehman took a hard bit

3See https://fraser.stlouisfed.org/timeline/financial-crisis
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on the short-termdebtmarket. There has been a significant decrease of news diversity before
the quickened pace of merger focusing on related topics and is grasped by the change-point
at 2008/09/05.

After the chaos in Autumn in 2008 and under the immense pressure, the US government
started a bailout. At October 3, 2008, Congress passed the law of Emergency Economic
Stabilization Act of 2008 and established the $700 billion Troubled Asset Relief Program
(TARP). The US government also tried hard to inject liquidity into the precarious financial
institutions in October and November in 2008. As a result, the stock market began to
break free from the most sever situation, and the financial news started to turn back to its
“healthy state” and focused more general topics which can be shown at the changepoint of
2008/11/24.

The most remarkable turnaround showed after Mr.Obama was sworn in January 2009.
The Obama administration had over $1.1 trillion to continue the rescue for the financial
market and the economy after the sign of American Reinvestment and Recovery Act of 2009
on February 17. The stock market began to warm up and the financial news finally diversified
back to its original level, marked with the change-point at 2009/04/27.

Therefore, we may come to a conclusion that there does exist an intrinsic relation
between news diversity and stock market performance. To be specific, the concentration
of financial news topics is more focused when the situation of financial market gets worse.
Considering that there will always be some negligible things which the financial market
can not reflect on the financial market instantaneously, such as failure of small business
and banks, the mortgage of some people cannot be repaid and the beginning deterioration
of the property market indicators, however, all of these can be covered by financial news.
Furthermore, when the news diversity goes back to healthier and its original level, which
means the public no longer pays such close attention to the poor market, it can be a sign of
the rebound of financial situation.

5 Conclusion

This study breaks new ground and is the first paper to investigate the relationship
between financial news diversity and the performance of fiancial market by using the change-
point detection. Overall, we reveal an intrinsic relation between news diversity and stock
market performance, for the reason that almost every financial events can be grasped by
the major financial media and may not be reflected on the market in a timely, effective
and complete manner. Specifically, the financial news topics will be more focused when the
situation of financial market gets worse, and when the market warms up, the diversity will
go back to higher level. And the change-points of these different stages can make a good
prediction of the financial market.
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[4] Aue, A., and Horváth, L. Structural breaks in time series. Journal of Time Series
Analysis 34, 1 (2013), 1–16.

[5] Baker, S. R., Bloom, N., and Davis, S. J. Measuring economic policy uncertainty.
The quarterly journal of economics 131, 4 (2016), 1593–1636.

[6] Barber, B. M., and Odean, T. All that glitters: The effect of attention and news
on the buying behavior of individual and institutional investors. The review of financial
studies 21, 2 (2007), 785–818.

[7] Bazarova, A., Berkes, I., and Horváth, L. Trimmed stable ar (1) processes.
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