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Spillover effects of corruption: Evidence from China’s anti-corruption campaign 

  

Abstract  

We study the effectiveness of the anti-corruption campaign in all of mainland China’s provinces 

in terms of risk and volatility spillovers. We find that both idiosyncratic and systematic risk 

increase after the first investigation, suggesting that investors do react to the political shocks 

induced by the new policy. A nonlinear model determines how volatility spillovers from the 

first suspects to the rest of the country are dynamically transmitted. However, even if the scope 

of the inquiry expands, as the current policy is almost certain to be maintained, political news 

do not matter anymore and shocks cease to spread. 
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1. Introduction 

In 2013, China launched a broad-based nationwide investigation into corruption, focusing on 

local governments, state-owned enterprises (SOEs), state-run universities, and other 

institutions. The Central Commission for Discipline Inspection (CCDI) investigated twelve 

separate batches from May 2013 to March 2017. The twelve batches are divided into three 

rounds, with four batches each. The first round is aimed at provincial governments in all 31 

provinces of mainland China; the second is directed at SOEs and corporate groups; and the 

third is targeted at state-run universities, government agencies, and commissions.1 

Table 1 summarizes the basic information from the first round. Official investigation findings 

are reported directly by the CCDI. Information on the investigations’ progress is made public 

on its website. Figure 1 shows that the investigation batches are not geographically clustered. 

                                                      
1 According to the Corruption Perceptions Index (CPI), released annually by Transparency International (TI), 
China ranked 80th out of 176 countries for cleanliness in 2012, with a score of 39 on a scale of 0 to 100. 
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[INSERT TABLE 1 AND FIGURE 1 HERE] 

We use China’s nationwide anti-corruption movement to examine the impacts of corruption 

on the entire economic system. Step by step, the investigation is affecting the entire country. 

Even if the first round specifically targets high-level officials and local civil servants rather 

than firms, we are interested in how risk reacts during the campaign. Our interest stems from 

how political ties count in China, where information transmission or resource allocation might 

occur with political connections. Political connections affect firm performance through a 

number of mechanisms related to the institutional environment–politically connected firms are 

more likely than those without such ties to be able to obtain preferential treatment, such as 

securing bank loans, skirting government regulations, preferential access to bank credit and 

innovation, and obtaining tax breaks and legal protection.2 

At the same time, in the last decade, the Chinese economy has experienced a shift toward a 

combination of legal, administrative, and market mechanisms, where the traditional central 

state control has not been completely abandoned, but it has been replaced by a less controlling 

"visible hand" at most levels of government and a "invisible hand" of market control at the 

furthest edges of local governments.3 Given that, we want to determine if the changes in the 

rules of the game can influence investors’ perceptions of either idiosyncratic or systematic risk, 

or both. 

Specifically, we address two issues. First, by regressing daily returns on the Fama French 

three factors, we decompose total risk into systematic and idiosyncratic risk. Risk regressions 

show that the anti-corruption campaign initially affects both systematic and idiosyncratic risk. 

The treatment group’s systematic risk does not decrease, implying no beneficial externalities 

from the announcement, whereas other provinces’ systematic risk rises. Overall, both 

systematic and idiosyncratic risk increase after the announcement of the first batch. 

                                                      
2 See Li et al. (2008) and Huang and Yuan (2019) for more details. 
3 The relationship between political connections and the cost of equity has been extensively researched in the 
agency theory and corporate governance literature; and how political association increases marketrisk exposure 
and raises the cost of capital, that is, the cost of equity and beta.(Claessens et al., 2002; La Porta et al., 2002; 
Easley and O’hara, 2004; Attig et al., 2008; Chen et al., 2009; Ben-Nasr et al., 2012). 
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As a result, our second research question focuses on determining whether the increase in 

systematic risk, is a result of risk shifting across Chinese provinces. We build a synthetic index 

to measure volatility for each batch and choose a 30-day event window centered on the 

announcement date to see if risk shifting occurs immediately after the announcement. We 

experience an immediate sharp increase in our measure, suggesting that policy changes cause 

the stochastic discount factor, and thus stock returns, to be more volatile, consistent with Pastor 

and Veronesi (2012). 

Subsequently, we design a nonlinear model to identify the dynamic transmission of volatility 

spillovers across different batches. A multiplicative error model (MEM) shows how shocks 

spread from the first batch to the others, indicating an immediate effect of the anti-corruption 

campaign on other unaffected areas of the country. We attribute risk shifts to increase in 

correlation due to political uncertainty, consistent with Pástor and Veronesi (2013).4 

At the same time, we find no evidence of the market anticipating the event, given that the 

investigation came as a surprise. Dynamic volatility forecasts and impulse response functions 

support the view that shocks in the first batch increase the volatility of the unaffected firms. 

We extend our analysis to subsequent batches and find that idiosyncratic and systematic risk 

decrease. As the current policy is almost certain to be maintained, the contribution of political 

shocks to stock return volatility diminishes because, in our opinion, the market knows with 

certainty that, after the first investigation, the prevailing policy will be maintained, and the 

scope of the inquiry will expand to the entire country. Both informed and uninformed traders 

will not try to seek information since they are perfectly informed that more high-level officials 

and local civil servants will be prosecuted. As a result, in line with the efficient market 

hypothesis (EMH), further stages of the investigation will be ex-ante incorporated into asset 

prices, so that, with subsequent batches, political shocks will not matter, and risk will cease to 

spread. 

                                                      
4 Theoretical models of spillovers suffer from two possible sources of bias: endogeneity and omitted variable bias. 
Event studies can help mitigate the estimation problem. We assume that, given the continuing importance of 
political ties in China, all the variation is explained by one single shock. With such assumption, the model 
produces the correct estimate. See Rigobon (2019) for further details. 
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In this paper, we contribute to the literature by examining the financial effects of China’s 

anti-corruption campaign and determining whether such a large-scale campaign affects both 

systematic and idiosyncratic risk. Agarwal et al. (2020) provide evidence that government 

officials’ access to credit decreases following the anti-corruption campaign. According to 

Zhang (2018), firms are less prone to commit fraud after the anticorruption campaign. However, 

Griffin, Liu, and Shu (2021) find little evidence that the anti-corruption campaign decreased 

corporate corruption. Kim, Li, and Tarzia (2018) assess market reaction during the investigation 

and discover that the anti-corruption investigation has a significant positive influence on 

Chinese financial markets. We intend to fill the gap in the literature concerning the campaign’s 

impact on risk and volatility spillovers across the country during the first stage of the campaign. 

The remainder of the paper is structured in the following way. In Section 2 we compute 

systematic and idiosyncratic risk. A difference-in-difference analysis (DID) is used to perform 

risk regressions. We create a synthetic volatility proxy and make use of a multiplicative error 

term model to investigate volatility spillovers in Section 3. The analysis is completed with 

dynamic volatility forecasts and impulse response functions. In Section 4, we repeat the 

analysis for subsequent stages of the campaign. Section 5 concludes with final remarks. 

2. Idiosyncratic and systematic risk 

We regress daily returns for firm i at time t on the Fama-French three factors, in order to 

decompose a firm’s total risk into systematic and idiosyncratic risk:5 

 . (1) 

Systematic risk is measured as the square root of the explained variance, while the idiosyncratic 

risk is given by the square root of the unexplained variance. 

                                                      
5 See Armstrong and Vashishtha (2012) for further details. 
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Table 2 displays the descriptive statistics. We also decompose the data into subsamples in 

order to capture the pre- and post-investigation periods. Idiosyncratic risk increases after the 

announcement of the first batch. We attribute the increase in idiosyncratic risk to the uncertainty 

about firm’s profitability, consistent with Pástor and Veronesi (2003). At the same time, we 

find that the systematic risk increases. We believe that political uncertainty reduces the value 

of the implicit put protection that the government provides to the market and pushes the equity 

risk premium and systematic risk, consistent with 

Pástor and Veronesi (2013).6 
[INSERT TABLE 2 HERE] 

We estimate the treatment effects using the standard DID method. The risk regressions are 

as follows: 

Systematic riski,t = α+γTreatmenti +ηAftert +δTreatmenti ×Aftert +xi,t +εi,t,    (2) 

Idiosyncratic riski,t = α+γTreatmenti+ηAfteri+δTreatmenti×Aftert+xi,t+εi,t,    (3) 

Where Treatment is 1 for firms located in the province being investigated and 0 otherwise, and 

After is 1 for the period following the announcement of the anti-corruption investigation and 0 

otherwise. The set xi,t includes all the control variables. We control for firm size (the natural log 

of total assets, SIZE), liquidity (current ratio, LIQ), leverage (leverage ratio, LEV), operating 

efficiency (total revenue to total assets, OPEFF), profitability (ROA), annual revenue growth 

rate (GROWTH), and Tobin’s Q (TOBINQ). In addition, we define a dummy variable to 

represent SOEs, and all regressions include provincial fixed effects. 

 

For the event window, we choose one year, covering six months before and six months after 

the announcement. We winsorize the data at the 1st and 99th percentile and remove stocks that 

have been suspended for more than 30 days. Our final sample consists of 2,381 listed 

                                                      
6 Pástor and Veronesi (2013) design a general equilibrium model, where firm profitability and stock returns are 
affected by the current government policy decision, i.e., deciding whether or not change its policy and which 
policies to implement. Both the government and investors learn about this impact in a Bayesian fashion by 
observing realized profitability. 
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companies. The treatment group consists of 184 firms, while the control group consists of 2,197 

companies. The empirical results of the DID model are shown in Table 3. Columns (1) and (2) 

display the idiosyncratic and systematic risk coefficients without any control variables.7 The 

negative sign of TreatmentAfter in both Columns (1) and (2) shows that, following the 

announcement, the treatment group’s systematic and idiosyncratic risks are reduced more than 

the control groups. In both Columns (1) and (2), the coefficient of After is positive and 

significant, indicating that the control group, i.e., the other listed companies, faces a significant 

increase in both systematic and idiosyncratic risk. When the coefficients of After and 

TreamentAfter are combined, the treatment group experiences a negligible decrease in 

systematic risk, while idiosyncratic risk increases. The DID estimates with control variables 

are reported in Columns (3) and (4). Findings are consistent with those in Columns (1) and (2). 

[INSERT TABLE 3 HERE] 

We also subsample for different control groups in Table 4. The second batch is used as the 

control group in Columns (1) and (2). The third batch is the control group in Columns (3) and 

(4), while Columns (5) and (6) have the fourth batch as control group. The empirical results are 

consistent with Table 3. After the investigation, systematic risk for the treatment group remains 

broadly unchanged while it increases for the other listed companies. We conclude that, in the 

end, market risk for the Chinese economy is higher as a result of the control group. 

[INSERT TABLE 4 HERE] 

3. Volatility spillovers 

Our second concern is whether the increase in systematic risk is responding to immediate 

risk shifting across Chinese provinces. We create four value-weighted portfolios, one for each 

of the first four batches, as synthetic risk indicators risk.8 

                                                      
7 Please, note that the number of observations is not exactly four times the number of sample companies. 
Companies whose stock has been suspended for more than 30 days are given a missing value. A company is 
removed from the sample if it has two missing values. 

8 Our metric can be regarded as a good proxy for systematic risk, since each portfolio contains more than 30 firms. 
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The firms listed in the provinces under investigation comprise each portfolio. The synthetic 

index is calculated as follows:9 

  (4) 

Where ni is the number of firms in the portfolio i, and Index0 is equal to 1,000 on each starting 

day. 

We use 1-minute interval intraday data from the Hexun Database for all 2,413 stocks to 

calculate the realized volatility using the proxy below:10 

  (5) 

Where hight and lowt   are the highest and lowest daily portfolio prices, respectively. 

Panel A in Table 5 presents descriptive statistics of the four portfolios for the entire sample. 

We also split the data into subsamples in order to encapsulate the pre- and post -investigation 

periods. In the post-investigation sample, the volatility proxy decreases in Portfolio 1 and 

Portfolio 2 but increases in Portfolio 3 and Portfolio 4. 

[INSERT TABLE 5 HERE] 

Figure 2 depicts the synthetic portfolio indices, whereas Figure 3 presents hl for the four 

portfolios from May 2012 to May 2014. The shaded areas correspond to the first announcement 

period, a 30-day trading window centered on the first announcement day, May 29, 2013. 

Portfolio 1 has an upward trend at the start of the event window. The other three portfolios are 

also growing. Synthetic indices begin to fall immediately after the first announcement period, 

with a significant increase in volatility in the post announcement period. Even if the magnitude 

varies between portfolios, they all experience a significant increase in volatility. 

                                                      
9 We build portfolios based on the total number of shares. Unreported robustness tests (available from the authors 
upon request) with only free-floating shares have no effect on the empirical findings presented in the following 
section. 

10 See Parkinson (1980) and Engle, Gallo, and Velucchi (2012) for a detailed discussion on the properties of hlt. 
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[INSERT FIGURE 2 AND FIGURE 3 HERE] 

Stock returns become more volatile following the first investigation. However, our post-

investigation window is too long to clearly detect the campaign’s immediate effects on hl. As 

a result, we focus on determining if information about changes in the rules immediately flows 

across Chinese provinces. Conditional on the information set It−1, we model volatility for each 

index i is as follows: 

 hli,t|It−1 = µi,tεi,t, i = 1,...,4, (6) 
 

Where the error term εi,t is a gamma random variable with unit conditional expectation. We 

define a base model, an MEM (1,1) involving past values of both hl and its conditional 

expectation: 

 µi,t = ωi + βiµi,t−1 + αi,ihli,t−1, (7) 

Where i = 2,3,4 denotes the second, third, and fourth batch, respectively.11We enrich 

Equation (7) to include the following: 

• Interaction between the affected portfolio, Portfolio 1, and the unaffected ones i via 

the lagged daily ranges observed in the first portfolio hl1,t−1; 

• Time dummies BC and PC identifying 15 trading days before and after the first 

anti-corruption investigation; 

• Interaction terms between daily ranges of all markets and time dummies to account for the 

possibility of changing links during the announcement effect. 

The enriched model is now as follows:  

µi,t = ω+βµi,t−1+αhli,t−1+γhl1,t−1+δBCt−1+ηPCt−1+ρBCt−1hl1,t−1+τPCt−1hl1,t−1,   (8) 

                                                      
11 We only consider unidirectional spillovers from Portfolio 1 to the other portfolios. As a result, we specify the base 

model only for portfolios that are not being investigated. 
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 Where i = 2,3,4 denotes the second, third, and fourth batch, respectively. We define an 

aggregate portfolio Aggregate, which includes Portfolio 2, Portfolio 3, and Portfolio 4, to 

investigate how the volatility of Portfolio 1 affects the entire Chinese economy. 

 

Table 6 reports the volatility spillovers from Portfolio 1 to Aggregate. The interaction 

term PCt−1hl1,t−1 is significant, indicating a spillover effect from the first batch to the unaffected 

firms following the announcement, as shown in Column Post (1). Consistent with the risk 

regressions, we also limit our time window to one year, as in Column Post (2): When the time 

horizon is reduced, PCt−1hl1,t−1 becomes even more significant. Local political uncertainty shifts 

risk almost immediately. The interaction term BCt−1hl1,t−1, however, provides no evidence of 

spillovers prior to the first announcement, implying no information flow prior to the event. 

[INSERT TABLE 6 HERE] 

We also divide the aggregate portfolio into three groups based on anti-corruption batches to 

determine if information flows with varying intensity across Chinese provinces. Column Post 

(2) investigates spillovers from Portfolio 1 to Portfolio 2 in Table 7. The interaction term 

PCt−1hl1,t−1 is not significant, indicating that the second batch is unaffected by local political 

uncertainty. Instead, Column Post (3) identifies spillovers from Porftolio 1 to Portfolio 3. The 

interaction between the volatility proxy and the post event variable is significant. Information 

flows immediately from the first batch to the third batch, and the market reacts to the news by 

increasing the systematic risk for the third batch. Column Post (4) identifies spillovers from 

Porftolio 1 to Portfolio 4. The interaction term PCt−1hl1,t−1 is marginally significant but larger 

in magnitude when compared to Portfolio 3, implying an immediate response from investors. 

[INSERT TABLE 7 HERE] 

We also study volatility patterns by dynamic forecasts. We start 15 trading days before the 

announcement date and shift the starting point one day at a time until 15 trading days after the 

announcement date, so that new information is reflected in the forecasts. We define a dummy 

variable DC that identifies 30 trading days surrounding the announcement date, 15 trading days 

before and after the announcement date. Based on the information available at time t, the 

conditional expectation of hlt+1 for each portfolio can be written compactly as follows: 
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µt+1= ω∗ + ηDCt + Bµt + A∗hlt + ΓhltDCt.  (9) 

Moving steps forward causes hlt+τ, τ > 0, to be unknown, which means that it requires to be 

proxied by its conditional expectation µt+τ. The dummy DC is fixed to the value it has in t. Hence, 

for τ = 2, 

µt+2= ω∗ + ηDCt + Bµt+1 + A∗µt+1 + Γµt+1DCt= ω∗ + ηDCt + (B + A∗ + ΓDCt)µt+1,   (10) 

and, recursively, for τ > 2,12 

µt+τ= ω∗ + ηDCt + (B + A∗ + ΓDCt)µt+τ−1= ω + A1µt+τ−1.       (11) 

In Figure 4, the three vertical lines indicate 15 trading days prior to the announcement date, 

the announcement date itself, and 15 trading days following the announcement date, 

respectively. Volatility rises for all portfolios after the announcement date. Portfolio 1 can be 

seen as reacting mainly to its own innovations. When we examine the profiles along vertical 

lines (for example, on May 24), we see an increase in the progressive volatility forecasts until 

the beginning of July, after which volatility decreases. The volatility forecasts for Aggregate 

show an increasing trend until the beginning of September, after which all profiles converge to 

the same long-run average volatility implied by the model estimates, which is much higher than 

Portfolio 1. In other words, even if only five provinces are under investigation, all other 

provinces react to the news, supporting the existence of volatility spillovers. 

[INSERT FIGURE 4 HERE] 

As a final check, we compute the impulse response functions (IRF) to see how each portfolio 

reacts to shocks. Equation (6) can be rearranged so that the MEM can be seen as a unique block 

and the variable hl can be considered as whole system: 

                                                      
12 It should be noted that, in order to forecast the dynamics of the volatility proxy, we must first estimate the 

coefficients of Equation (9) because we have a different dummy variable, DC. 
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 hl , (12) 

Where hlt is a vector with stacked hli,t’s, µt representing a vector with stacked µi,t’s, the symbol 

⊙   indicating the element-by-element multiplication, and εt defines a jointly multivariate 

independently identically distributed vector with unit mean and variance covariance matrix Σ. 

The conditional expectation of hlt+τ can be viewed as the expected value of hlt+τ when εt is equal 

to the unit vector 1: 

 µt+τ = E(hlt+τ|It,εt = 1). (13) 

By defining a generic vector of shocks s(i), we can derive a different dynamic solution. We 

obtain Equation (15) by setting the ith element as equal to the unconditional standard deviation 

of εit and the other terms j 6= i as equal to the linear projection: 

,   (14)  

µ .    (15) 

Then, we can calculate the relative change in expected volatility in vector form: 

  (16) 

With ⊘ representing the element-by-element division. Equation (16) shows the relative 

changes in the forecast profile beginning at time t for a horizon τ caused by a single standard 

deviation shock in Portfolio i. 

We choose the announcement date as the IRF’s start date. Consistent with dynamic volatility 

forecasts, the time-horizon is 90 trading days. In Figure 5, the largest effect for Aggregate 

almost coincides with the shocks. We see a high impact on Portfolio 1 (approximately 40%) 

with a monotonically declining response. The impact is even greater for Aggregate, 

(approximately 45%), which reaches its peak only a few days later (less than 10 days). The 

shock is not that transitory, because Aggregate does not decay quickly after reaching its peak. 

For a little more than two months, shocks in Portfolio 1 affect Aggregate. 
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[INSERT FIGURE 5 HERE] 

Consistent with Table 7, we study the impulse response function for each individual 

portfolio. Portfolio 3 has the greatest impact (about 50%) of the three portfolios. Shocks in 

Portfolio 1 affect Portfolio 3 for nearly three months. In line with Table 7, Portfolio 2, instead, 

reacts less than Portfolio 3, and its response function decays faster. Portfolio 4 reacts more than 

Portfolio 2, but it exhibits a faster decay. After 60 days, the impulse response functions of 

Portfolio 2 and Portfolio 4 are nearly identical. 

[INSERT FIGURE 6 HERE] 

We conclude that risk spreads to the entire system immediately after the announcement and 

is mainly driven by volatility spillovers between Portfolio 1 and Portfolio 3. 

 

4. Subsequent batches 

We extend the previous analysis, that is, risk regression and volatility spillovers, to 

subsequent batches as Table 2 reports lower idiosyncratic and systematic risk for the second 

and third stage of the campaign. 

Table 8 displays the DID estimates for the second batch. Columns (1) and (2) show the 

estimates when the treatment group is the second batch, and the control group includes both 

third and fourth batches. The investigation reduces both systematic and idiosyncratic risks. 

However, the coefficient estimate of TreatmentAfter is not significant in any of the risk 

regressions, indicating no significant difference in systematic and idiosyncratic risks between 

the treatment and control groups. 

[INSERT TABLE 8 HERE] 

Consistent with Table 8, we study the volatility spillover among three portfolios, excluding 

firms from the first batch. Panel B in Table 5 shows that volatility decreases after the event in 

all three portfolios. Column Base Model (1) and Selected Model (1) study volatility spillovers 

from Portfolio 2 to an aggregate portfolio, Aggregate, which now includes Portfolio 3 and 

Portfolio 4. The interaction term PCt−1hl2,t−1 is not significant, suggesting no immediate risk 
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shifts across provinces. The decrease in systematic risk shown in Table 8 for the control group 

might not be related to information flows. 

[INSERT TABLE 9 HERE] 

Figure 7 shows the volatility forecasts. Portfolio 2 can be seen as mainly reacting to its own 

innovations. When we examine the profiles along vertical lines (e.g., on November 21), we see 

an increase in the progressive volatility forecasts until the beginning of December, after which 

volatility decreases. Aggregate exhibits an increasing trend until the beginning of November, 

after which all profiles converge to the same long-run average volatility implied by the model 

estimates, which is slightly lower than Portfolio 2. 

[INSERT FIGURE 7 HERE] 

Figure 8 plots the impulse response functions for Portfolio 2 and Aggregate. We see a 

significant impact on Portfolio 2 (more than 40%) with a monotonically declining response, 

whereas Aggregate has a much weaker reaction. The impulse response function of Aggregate 

is much steeper and reaches its lowest value after 20 days. After reaching its lowest point, it 

gradually rises over the next 70 days. 

[INSERT FIGURE 8 HERE] 

Column Base Model (1) and Selected Model (1) in Table 9 focus on volatility spillovers from 

Portfolio 3, to Portfolio 4. Unlike the second batch, the interaction term PCt−1hl3,t−1 is 

significant and has a negative sign. The decrease in systematic risk for the control group shown 

in Table 8 could be strongly related to information flows, resulting in a trend reversal in the 

volatility pattern.13 

Figure 9 plots the volatility forecasts. Portfolio 3 can be seen as mainly reacting to its own 

innovations. When we examine the profiles along vertical lines (for example, on May 15), we 

see an increase in the progressive volatility forecasts until the beginning of June, after which 

volatility decreases. Portfolio 4 exhibits a decreasing trend until the middle of April, after which 

                                                      
13 Based on Engle and Gallo (2006), a negative coefficient of the daily range may indicate a trend reversal during 

periods of high volatility. 
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all profiles converge to the same long-run average volatility implied by the model estimates, 

similar to Portfolio 3. 

[INSERT FIGURE 9 HERE] 

Figure 10 plots the impulse response functions. Portfolio 3, has a high impact (more than 

40%) with a monotonically declining response. Portfolio 4 shows another sharp decrease. Its 

impulse response function reaches its minimum after 12 days: the effect is much more 

pronounced with respect to the second batch. After hitting its minimum, it increases much faster 

than the second batch over the next 78 days. 

[INSERT FIGURE 10 HERE] 

Shocks in the affected portfolios do not spread to the other batches, ruling out the volatility 

spillovers hypothesis. We conclude that the second batch shows no risk shifting across 

provinces, whereas the third batch exhibits a trend reversal in the short run, as indicated by the 

sign of PCt−1hl3,t−1. Empirical results are in line with Table 2, suggesting that, since no new 

policies will be adopted, investors do not react to political shocks anymore. 

5. Conclusions 

We demonstrate that the campaign has a significant impact on the entire Chinese system. 

Risk regressions show that the anti-corruption campaign initially increases both systematic and 

idiosyncratic risk. Furthermore, we provide evidence of volatility spillovers from first suspects 

to the rest of the country. Risk shifts rapidly across different sectors of the Chinese economy, 

as evidenced by the volatility forecasts and impulse response functions. 

However, as the scope of the inquiry expands, systematic risk decreases and shocks cease 

to spread. Subsequent stages reveal no significant difference between the investigated 

provinces and the rest of country, as well as no cross-regional spillovers. Shocks do not spread 

from one portfolio to the next in the second stage, but a volatility trend reversal emerges in the 

third round of the campaign. 
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Our findings point to potential research that could take advantage of data on individual firms, 

sectors, or provinces to see how complex inter-industry or inter-regional interdependencies 

could play a role in volatility spillovers. As empirical analysis shows, the intensity of volatility 

spillovers varies depending on the portfolio and geographical area. Investors and policymakers 

need to better understand the origins and drivers of cross-market linkage to design optimal 

portfolio and build policies to prevent harmful shock transmissions. 
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Table 1: Timeline of the anti-corruption campaign 
This table reports the sequence, name, batch, announcement date, and ending date (month/day/year) of the 
anti-corruption campaign for each Chinese province, as well as the number of arrested officials at the 
department level (Dept.), city or municipality level (Office), and among the lower ranked local government 
employees (Basic) per 10,000 people. 

No. Province Batch Announcement date Ending date Dept. Office Basic Population 
    Year 2013     

1 Jiangxi first 29 May 20 August 0.0027 0.0049 0.0402 45,221,500 
2 Guizhou first 29 May 29 July 0.0034 0.0306 1.2966 35,022,200 
3 Chongqing first 29 May 29 July 0.0081 0.0882 0.5946 29,700,000 
4 Hubei first 2 June 23 July 0.0050 0.0416 1.0200 57,990,000 
5 Neimenggu first 3 June 6 August 0.0048 0.0228 0.7739 24,976,100 
6 Jilin second 30 October 26 December 0.0033 0.0105 0.1908 27,512,800 
7 Guangdong second 30 October 28 December 0.0036 0.0396 0.3882 106,440,000 
8 Yunnan second 30 October 28 December 0.0032 0.0309 0.0971 46,866,000 
9 Shanxi second 30 October 29 December 0.0072 0.0926 3.1729 36,298,000 

10 Anhui second 31 October 27 December 0.0023 0.0184 0.2405 60,298,000 
11 Hunan second 1 November 30 December 0.0072 0.0659 1.5048 66,906,000 

    Year 2014     

12 Hainan third 24 March 27 May 0.0122 0.0963 1.3692 9,034,800 
13 Fujian third 27 March 26 May 0.0045 0.0502 1.4338 38,060,000 
14 Gansu third 27 March 27 May 0.0039 0.0865 1.3039 25,907,800 
15 Henan third 28 March 27 May 0.0042 0.0819 2.2495 94,360,000 
16 Tianjin third 28 March 28 May 0.0066 0.0389 0.2334 15,168,100 
17 Shandong third 29 March 28 May 0.0044 0.0501 1.5285 97,894,300 
18 Xinjiang third 30 March 24 May 0.0070 0.0509 0.8923 22,984,700 
19 Liaoning third 30 March 25 May 0.0027 0.0847 1.9251 43,910,000 
20 Beijing third 31 March 30 May 0.0121 0.1143 0.4629 21,516,000 
21 Ningxia third 31 March 31 May 0.0181 0.0453 1.0627 6,615,400 
22 Xizang fourth 25 July 24 September 0.0157 0.1543 2.3051 3,175,500 
23 Qinghai fourth 26 July 29 September 0.0223 0.1320 0.8879 5,834,200 
24 Guangxi fourth 28 July 27 September 0.0046 0.0448 0.8363 47,540,000 
25 Jiangsu fourth 28 July 27 September 0.0025 0.0175 0.1690 79,600,600 
26 Heilongjiang fourth 28 July 27 September 0.0026 0.1033 1.9382 38,330,000 
27 Sichuan fourth 28 July 28 September 0.0034 0.0246 1.6237 81,402,000 
28 Hebei fourth 29 July 25 September 0.0058 0.0603 1.2751 73,837,500 
29 Zhejiang fourth 29 July 28 September 0.0013 0.0935 0.1952 55,080,000 
30 Shanghai fourth 29 July 30 September 0.0021 0.0153 0.1649 24,256,800 
31 Shaanxi fourth 30 July 28 September 0.0085 0.0927 2.7053 37,751,200 
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Table 2: Descriptive statistics for systematic and idiosyncratic risk 
This table reports the mean, standard deviation (S.D.), minimum (min.) and maximum (max.) for idiosyncratic 
(IDIO) and systematic (SYS) risk at the time of the first investigation, second and third investigation. The two risk 
variables are computed for the entire sample, before each investigation (Pre-event), and after (Post-event). 

 Mean S.D. Min. Max. 

First batch 
IDIO 

Whole Sample 0.1516 0.0544 .0276 0.4487 

Pre-event 0.1427 0.0495 0.0276 0.3969 

Post-event 0.1605 .0575 .0380 .4487 

SYS 
Whole Sample 0.1233 0.0384 0.0174 0.2839 

Pre-event 0.1207 0.0331 0.0174 0.2488 

Post-event 0.1260 0.0429 0.0186 0.2839 

Second batch 
IDIO 

Whole Sample 0.1562 0.0573 0.0536 0.3263 

Pre-event 0.1609 0.0567 0.0536 0.3263 

Post-event 0.1514 0.0575 0.0536 .3263 

SYS 
Whole Sample 0.1215 0.0401 0.0423 0.2276 

Pre-event 0.1264 0.0417 0.0423 0.2276 

Post-event 0.1165 0.0378 0.0423 0.2276 

Third batch 
IDIO 

Whole Sample 0.1471 0.056 0.047 0.3148 

Pre-event 0.1583 0.0587 0.0478 0.3148 

Post-event 0.1357 0.0518 0.0478 0.3148 

SYS 
Whole Sample 0.1039 0.0392 0.0329 0.2130 

Pre-event 0.1219 0.0382 0.0329 0.2130 

Post-event 0.0856 0.0310 0.0329 0.2130 

Sources: Wind database 
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Table 3: Risk regressions at the time of the first investigation 
This table provides the DID estimates for both idiosyncratic and systematic risk during the first batch of the anti-
corruption campaign. 

Idiosyncratic riskt,i = α + γTreatmenti + ηAfteri + δTreatmentAfteri,t + xi,t + εi,t, Systematic riskt,i = α + 
γTreatmenti + ηAfteri + δTreatmentAfteri,t + xi,t + εi,t. 

 (1) (2) (3) (4) 

 IDIO SYS IDIO SYS 

Treatment 0.0081 -0.0045 0.0034 -0.0036 
 (0.0077) (0.0047) (0.0081) (0.0051) 

After 0.0184*** 0.0055*** 0.0175*** 0.0061*** 
 (0.0010) (0.0006) (0.0010) (0.0006) 

TreatmentAfter -0.0160*** -0.0058*** -0.0157*** -0.0060*** 
 (0.0010) (0.0006) (0.0010) (0.0006) 

SOE   -0.0042*** -0.0019 

   (0.0016) (0.0012) 

SIZE   -0.049*** -0.0022*** 

   (0.0008) (0.0006) 

LIQ   0.0007*** 0.0007*** 

   (0.0002) (0.0002) 

LEV   0.0226*** -0.0178*** 

   (0.0052) (0.0034) 

OPEFF   -0.0292* 0.0234** 

   (0.0170) (0.0109) 

ROA   -0.0001 -0.0005* 

   (0.0004) (0.0003) 

GROWTH   0.0009 -0.0022*** 

   (0.0013) (0.0008) 

TOBINQ   0.0111*** -0.0016*** 

   (0.0008) (0.0005) 
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Intercept 0.1356*** 0.1155*** 0.2209*** 0.1734*** 
 (0.0042) (0.0024) (0.0161) (0.0133) 

Province fixed effects YES YES YES YES 
Observations 9,351 9,351 9,325 9,325 

Stocks 2,381 2,381 2,381 2,381 
Within R2 0.0548 0.0095 0.0900 0.0113 

Notes: Robust standard errors are shown in parentheses. 
***, **, and * denote significance at the 1%, 5%, and 10% level, respectively. 
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Table 4: Risk regressions at the time of the first investigation 
This table provides the DID estimates for both idiosyncratic and systematic risk during the first batch of the anti-
corruption campaign. 

Idiosyncratic riski,t = α + γTreatmenti + ηAfteri + δTreatmentAfteri,t + xi,t + εi,t, Systematic riski,t = α + 
γTreatmenti + ηAfteri + δTreatmentAfteri,t + xi,t + εi,t. 

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

 IDIO SYS IDIO SYS IDIO SYN 

Treatment 0.0012 -0.0034 -0.0067 -0.0136*** 0.0080 0.0022 
 (0.0080) (0.0048) (0.0077) (0.0050) (0.0096) (0.0064) 

After 0.0128*** 0.0049*** 0.0172*** 0.0072*** 0.0208*** 0.0059*** 
 (0.0020) (0.0012) (0.0017) (0.0011) (0.0016) (0.0010) 

TreatmentAfter -0.0110*** -0.0046** -0.0151*** -0.0071*** -0.0194*** -0.0059*** 
 (0.0040) (0.0022) (0.0039) (0.0021) (0.0038) (0.0021) 

SOE -0.0078*** 0.0004 -0.0032 -0.0021 -0.0016 -0.0003 
 (0.0028) (0.0021) (0.0024) (0.0019) (0.0025) (0.0017) 

SIZE -0.0023 0.0001 -0.0085*** -0.0030*** -0.0022* -0.0014 
 (0.0015) (0.0011) (0.0011) (0.0010) (0.0012) (0.0009) 

LIQ 0.0007** 0.0005** 0.0005 0.0007*** 0.0007* 0.0006*** 
 (0.0003) (0.0003) (0.0003) (0.0003) (0.0003) (0.0002) 

LEV 0.0193** -0.0295*** 0.0239*** -0.0239*** 0.0229*** -0.0165*** 
 (0.0082) (0.0055) (0.0085) (0.0052) (0.0076) (0.0049) 

OPEFF -0.0012 0.0217 -0.0170 0.0180 -0.0677*** 0.0181 
 (0.0290) (0.0185) (0.0268) (0.0179) (0.0258) (0.0159) 

ROA 0.0000 0.0001 -0.0002 -0.0004 0.0005 0.0001 
 (0.0005) (0.0005) (0.0004) (0.0003) (0.0008) (0.0006) 

GROWTH 0.0011 -0.0012 0.0020 -0.0020 0.0005 -0.0018 
 (0.0022) (0.0012) (0.0019) (0.0013) (0.0019) (0.0012) 

TOBINQ 0.0096*** -0.0024*** 0.0091*** -0.0022*** 0.0129*** -0.0011 
 (0.0012) (0.0007) (0.0012) (0.0007) (0.0012) (0.0008) 

Intercept 0.1681*** 0.1297*** 0.3098*** 0.2068*** 0.1520*** 0.1495*** 
 (0.0308) (0.0232) (0.0226) (0.0213) (0.0266) (0.0197) 

Province fixed effects YES YES YES YES YES YES 
Observations 3,043 3,043 3,467 3,467 4,249 4,249 

Stocks 780 780 887 887 1082 1082 
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Within R2 0.0571 0.0120 0.0748 0.0133 0.1020 0.0078 
Notes: Robust standard errors are shown in parentheses. 
***, **, and * denote significance at the 1%, 5%, and 10% level, respectively. 
Columns (1) and (2) have the second batch as the control group. 
Columns (3) and (4) have the third batch as the control group, while Columns (5) and (6) have the fourth. 
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Table 5: Descriptive statistics for the volatility proxy hlt 
This table reports the mean, median, minimum, maximum, standard deviation (S.D.), skewness, and kurtosis for 
the volatility proxy hl. "Whole Sample" represents the overall mean, while "Pre-event" and "Post-event" give the 
mean before and after the event, respectively. Panels A, B and C report the statistics for the first, second, and 
third investigation, respectively. 

 Panel A: First investigation  

 Portfolio 1 Portfolio 2 Portfolio 3 Portfolio 4 

Whole Sample 0.4518 0.4638 0.3252 0.4414 
Pre-event 0.4597 0.4650 0.3130 0.4241 

Post-event 0.4439 0.4626 0.3374 0.4587 
Median 0.4067 0.4128 0.2785 0.3913 

Minimum 0.1354 0.1351 0.0966 0.1383 
Maximum 2.1892 2.2370 1.4087 1.9926 

S.D 0.2188 0.2281 0.1710 0.2116 
Skewness 2.3103 2.3718 2.1810 2.2711 
Kurtosis 14.0597 13.8404 10.3866 12.6122 

 Panel B: Second investigation  

 Portfolio 2 Portfolio 3 Portfolio 4 

Whole Sample  - 0.4392 0.3213 0.4262 
Pre-event  - 0.5050 0.3573 0.4700 

Post-event  - 0.3734 0.2853 0.3824 
Median  - 0.3829 0.2802 0.3819 

Minimum  - 0.1217 0.1006 0.1310 
Maximum  - 2.2370 1.4087 1.9926 

S.D  - 0.2281 0.1710 0.2116 
Skewness  - 2.4707 2.1832 2.3602 
Kurtosis  - 14.4044 10.7685 13.1001 

 Panel C: Third investigation  

 Portfolio 3 Portfolio 4 

Whole Sample  - - 0.3814 0.4390 
Pre-event  - - 0.3410 0.4634 

Post-event  - - 0.4218 0.4146 
Median  - - 0.3098 0.3889 

Minimum  - - 0.1006 0.1310 
Maximum  - - 2.3221 1.9926 

S.D  - - 0.2667 0.2291 
Skewness  - - 2.6469 2.5557 
Kurtosis  - - 12.8146 14.2283 

Sources: Hexun database 
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Table 6: Volatility spillovers at the time of the first investigation 
This table reports the MEM-estimates from Portfolio 1, to Aggregate, at the time of the first investigation. µaggr.,t = ω + 

βµaggr.,t−1+ αhlaggr,,t−1+ γhl1,t−1+ δBCt−1+ ηPCt−1+ ρBCt−1hl1,t−1+ τPCt−1hl1,t−1. 

The coefficient estimates are shown for the base (Base Model) and the selected model (Selected Model). 
Columns Pre, Post (1) and Post (2) focus on the interaction between Portfolio 1 and Aggregate before and after 
the announcement, respectively. LogLik is the value of the log likelihood. SIC and AIC are the Schwarz information 
criterion and Akaike information criterion, respectively. CORR(12) 
(CORRSQ(12)) is the LM test statistic for autocorrelation up to order 12 in the standardized residuals  (squared 

standardized residuals ) with the corresponding p-values in parentheses. 
 Base Model  Selected Model 

Pre Post(1) Post(2) 

Ω 0.0275 0.0285 0.0219*** 0.0415*** 

 (0.0186) (0.0190) (0.0080) (0.0158) 

µaggregate,t−1 0.8396*** 0.8311*** 0.9068*** 0.8733*** 

 (0.0864) (0.0904) (0.0324) (0.0591) 

hlaggregate,t−1 0.0863* 0.0641 0.0243 -0.0411 

 (0.0443) (0.0459) (0.0238) (0.0513) 

hl1,t−1  0.0234 0.0056 0.0512 

  (0.0259) (0.0160) (0.0379) 

BCt−1  0.0428 
(0.0794) 

  

PCt−1   -0.0580 -0.0895* 

   (0.0416) (0.0478) 

BCt−1hl1,t−1  -0.1270 
(0.2014) 

  

PCt−1hl1,t−1   0.2027* 0.2744** 

   (0.1100) (0.1251) 

Loglik -440.7408 -440.6518 -439.5526 -229.6269 

SIC 1.8789 1.9172 1.9126 2.0590 

AIC 1.8528 1.8649 1.8603 1.9718 

LB(12) 3.5431 3.6843 4.5894 5.1889 

 (0.990) (0.988) (0.970) (0.951) 

LBSQ(12) 11.7190 10.6300 6.6030 4.8160 
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 (0.469) (0.561) (0.883) (0.964) 

Notes: Robust standard errors are shown in parentheses. 
***, **, and * denote significance at the 1%, 5%, and 10% level, respectively. 
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Table 7: Volatility spillovers at the time of the first investigation 
This table reports the MEM-estimates from Portfolio 1, to Portfolio 2, Portfolio 3, and Portfolio 4 at the time of 

the first investigation. µi,t = ω + βµi,t−1+ αhli,t−1+ γhl1,t−1+ δBCt−1+ ηPCt−1+ ρBCt−1hl1,t−1+ τPCt−1hl1,t−1, i=2,3,4. 

The coefficient estimates are shown for the selected model. Columns Post (1), Post (2) and Post (3) focus on the 
interaction between Portfolio 1 and Portfolio 2, Portfolio 3 and Portfolio 4, respectively. LogLik is the value of the 
log likelihood. SIC and AIC are the Schwarz information criterion and Akaike information criterion, respectively. 
CORR(12) (CORRSQ(12)) is the LM test statistic for autocorrelation up to order 12 in the standardized residuals 

 (squared standardized 

residuals ) with the corresponding p-values in parentheses. 
  Selected Model 

Post (1) Post (2) Post (3) 
ω 0.0257** 0.0168** 0.0331*** 

 (0.0092) (0.0070) (0.0116) 

µ2,t−1 0.9042*** 
(0.0317) 

  

hl2,t−1 0.0730 
(.0302) 

  

µ3,t−1  0.8961*** 
(0.0342) 

 

hl3,t−1  0.0490** 
(0.0232) 

 

µ4,t−1   0.9047*** 
(0.0362) 

hl4,t−1   0.0101 
(0.0265) 

hl1,t−1 0.0137 0.0005 0.0069 
 (0.0168) (0.0137) (0.0205) 

PCt−1 -0.0542 -0.0560* -0.0709 
 (0.0535) (0.0338) (0.0541) 

PCt−1hl1,t−1 0.2242 0.1848** 0.2483* 
 (0.1431) (0.0907) (0.1406) 

Loglik -492.5859 -407.5717 -481.6458 
SIC 2.1340 1.7791 2.0884 
AIC 2.0818 1.7268 2.0361 

LB(12) 6.5481 6.3295 8.0561 
 (0.886) (0.899) (0.781) 

LBSQ(12) 5.3628 11.8650 8.4083 
 (0.945) (0.457) (0.752) 

Notes: Robust standard errors are shown in parentheses. 
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***, **, and * denote significance at the 1%, 5%, and 10% level, respectively. 
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Table 8: Risk regressions at the time of the second and third investigation This table provides the DID 
estimates for both idiosyncratic and systematic risk for the second and third batch of the anti-corruption 
campaign. 

Idiosyncratic riski,t = α + γTreatmenti + ηAfteri + δTreatmentAfteri,t + xi,t + εi,t , Systematic riski,t = α + 
γTreatmenti + ηAfteri + δTreatmentAfteri,t + xi,t + εi,t 

 (1) (2) (3) (4) 

 IDIO SYS IDIO SYS 

Treatment -0.0091* 0.0008 0.0017 0.0116*** 
 (0.0080) (0.0033) (0.0037) (0.0025) 

After -0.0107*** -0.0086*** -0.0264*** -0.0362*** 
 (0.0011) (0.0007) (0.0017) (0.0010) 

TreatmentAfter 0.0016 -0.0020 0.041 0.0016 
 (0.0022) (0.0014) (0.0025) (0.0014) 

SOE -0.0072*** -0.0051*** -0.0066*** -0.0054*** 
 (0.0018) (0.0013) (0.0020) (0.0014) 

SIZE -0.0045*** 0.0010*** 0.0011*** -0.0080*** 
 (0.0009) (0.0006) (0.0009) (0.0006) 

LIQ 0.0008** 0.0010** 0.0011*** 0.0008*** 
 (0.0003) (0.0002) (0.0004) (0.0003) 

LEV 0.0190** -0.0192*** 0.0331*** -0.0124*** 
 (0.0061) (0.0039) (0.0066) (0.0040) 

OPEFF -0.0383*** 0.0101 -0.0610*** -0.0027 
 (0.0180) (0.0108) (0.0200) (0.0131) 

ROA -0.0007 -0.0005* 0.0002 -0.0006 
 (0.0005) (0.0003) (0.0006) (0.0004) 

GROWTH 0.0051*** -0.0022* 0.0062*** -0.0008 
 (0.0019) (0.0012) (0.0020) (0.0013) 

TOBINQ 0.0137*** 0.0001 0.0099*** -0.005 
 (0.0009) (0.0005) (0.0008) (0.0005) 

Intercept 0.2281*** 0.2147*** 0.2934*** 0.2511*** 
 (0.0181) (0.0131) (0.0196) (0.0124) 

Province fixed effects YES YES YES YES 
Observations 8,539 8,539 6,103 6,103 

Stocks 2,187 2,187 1,574 1,574 
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Within R2 0.0786 0.0329 0.115 0.379 
Notes: Robust standard errors are shown in parentheses. 
***, **, and * denote significance at the 1%, 5%, and 10% level, respectively. 

Columns (1) and (2) have the second batch as treatment group, with third and fourth as control group. 
Columns (3) and (4) have the third batch as treatment group, with the fourth batch as control group. 
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Table 9: Volatility spillovers at the time of the second and third investigation This table reports the MEM 
estimates from Portfolio 2 and Portfolio 3, to Aggregate, at the time of the second and third investigation. 

µaggr.,t = ω + βµaggr.,t−1+ αhlaggr.,t−1+ γhli,t−1+ δBCt−1+ ηPCt−1+ ρBCt−1hli,t−1+ τPCt−1hli,t−1, i=2,3. 

The coefficient estimates are shown for the base (Base Model) and the selected model (Selected Model). 
Columns Base Model (1) and Selected Model (1) focus on the interaction between Portfolio 2 and Aggregate. 
Columns Base Model (2) and Selected Model (2) focus on the interaction between Portfolio 3 and Aggregate. 
LogLik is the value of the log likelihood. SIC and AIC are the Schwarz information criterion and Akaike information 
criterion, respectively. CORR(12) (CORRSQ(12)) is the LM test statistic for autocorrelation up to order 12 in the 

standardized residuals  (squared 

standardized residuals ) with the corresponding p-values in parentheses. 
 Base Model (1) Base Model (2) Selected Model (1) Selected Model (2) 

ω 0.0156** 0.0490*** 0.0193* 0.0787*** 
 (0.0093) (0.0170) (0.0106) (0.0238) 

µaggregate,t−1 0.8653*** 0.7044*** 0.8622*** 0.6248*** 
 (0.0585) (0.0759) (0.0640) (0.0917) 

hlaggregate,t−1 0.0901** 0.1841*** -0.0131 0.1269* 
 (0.0381) (0.0528) (0.0556) (0.0551) 

hl2,t−1   0.0754 
(0.0564) 

 

hl3,t−1    0.0818* 
(0.0414) 

PCt−1  0.0587  0.1305** 

  (0.0493)  (0.0517) 

PCt−1hl2,t−1   -0.1434 
(0.1200) 

 

PCt−1hl3,t−1    -0.5103*** 
(0.1467) 

Loglik -423.7331 -478.4453 -423.3590 -477.8569 
SIC 1.8079 2.0363 1.8450 2.0725 
AIC 1.7818 2.0102 1.7927 2.02023 

LB(12) 6.8608 14.0310 5.1654 15.3820 
 (0.867) (0.299) (0.952) (0.221) 

LBSQ(12) 17.1000 13.2020 9.4054 15.1440 
 (0.146) (0.355) (0.668) (0.234) 

Notes: Robust standard errors are shown in parentheses. 
***, **, and * denote significance at the 1%, 5%, and 10% level, respectively. 
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Figure 1: Geographical distribution of the first four batches. The different colours identify the different batches.  Portfolio1 Portfolio2 
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 Portfolio3 Portfolio4 

 

Figure 2: Synthetic portfolio indices, May 2012 - May 2014. The shaded area corresponds to the first 
announcement period, 8 May 2013 - 21 June 2013. 

  Portfolio2 

 Portfolio3 Portfolio4 

 

Figure 3: Time series plots of hlt, May 2012 - May 2014. The shaded area corresponds to the first announcement 
period, 8 May 2013 - 21 June 2013. 
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Figure 4: Dynamic volatility forecasts on Portfolio 1 and Aggregate, including Portfolio 2, Portfolio 3, and Portfolio 
4, starting from 8 May 2013 and progressively moving the initial condition ahead. 

Influenced Portfolio:   Portfolio1   − Starting Date: 05/29/13 

 

Figure 5: MEM impulse response functions of Portfolio 1 and Aggregate, including Portfolio 2, Portfolio 3, and 
Portfolio 4 at the time of the first announcement, 29 March 2013. The originating portfolio is Portfolio 1. 

Influenced Portfolio: Portfolio1  − Starting Date: 05/29/13 
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Figure 6: MEM impulse response functions of Portfolio 1, Portfolio 2, Portfolio 3, and Portfolio 4 at the time of 
the first announcement, 29 March 2013. The originating portfolio is Portfolio 1. 

 

Figure 7: Dynamic volatility forecasts on Portfolio 2 and Aggregate, including Portfolio 3 and Portfolio 4, starting 
from 10 October 2013 and progressively moving the initial condition ahead. 

Influenced Portfolio:   Portfolio2   − Starting Date: 10/31/13 
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Figure 8: MEM impulse response functions of Portfolio 2, and Aggregate, including Portfolio 3 and Portfolio 4, at 
the time of the second announcement, 31 October 2013. The originating portfolio is Portfolio 2. 

 

Figure 9: Dynamic volatility forecasts on Portfolio 3 and Portfolio 4, starting from 3 March 2014 and progressively 
moving the initial condition ahead. 

Originating Portfolio: Portfolio3 − Starting Date: 03/24/14 
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Figure 10: MEM impulse response functions of Portfolio 3 and Portfolio 4 at the time of the third announcement, 
24 March 2014. The originating portfolio is Portfolio 3. 


	1. Introduction
	[INSERT TABLE 1 AND FIGURE 1 HERE]

	2. Idiosyncratic and systematic risk
	[INSERT TABLE 2 HERE]
	[INSERT TABLE 3 HERE]

	3. Volatility spillovers
	[INSERT TABLE 5 HERE]
	[INSERT FIGURE 2 AND FIGURE 3 HERE]
	[INSERT TABLE 6 HERE]
	[INSERT TABLE 7 HERE]
	Moving steps forward causes hlt+τ, τ > 0, to be unknown, which means that it requires to be proxied by its conditional expectation µt+τ. The dummy DC is fixed to the value it has in t. Hence, for τ = 2,
	[INSERT FIGURE 4 HERE]
	[INSERT FIGURE 5 HERE]
	[INSERT FIGURE 6 HERE]

	4. Subsequent batches
	[INSERT TABLE 8 HERE]
	[INSERT TABLE 9 HERE]
	[INSERT FIGURE 7 HERE]
	[INSERT FIGURE 8 HERE]
	[INSERT FIGURE 9 HERE]
	[INSERT FIGURE 10 HERE]

	References

