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ABSTRACT  

The purpose of this paper is to analyze the existence and impact of the policy information 

advantage, held by a major government-backed institutional investor, on firm performance. The 

Chinese National Social Security fund (CNSSF) is used as our “laboratory” – wherein the CNSSF 

represents a major state sponsoring institutional investor in China with dual roles and a deep 

information network. Our results show a short-run positive and significant information advantage-

stock performance linkage. In contrast, the long-run linkage is negative. We also document a 

network spillover of the information advantage across the Chinese mutual fund industry. 
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Political information, firm value and information networks:  

Evidence from the Chinese National Social Security Fund 

 

 

1. Introduction 

The purpose of this paper is to analyze the existence and impact of the policy information 

advantage held by a government-backed institutional investor. More specifically, we assess if the 

policy information advantage can impact firm value in terms of short-term market reaction and 

long-term operating performance. Our analysis further examines the spillover of the policy 

information advantage across the information network spanning the domestic fund investment 

industry. To best achieve our goal, we use the Chinese National Social Security fund (CNSSF) as 

our “laboratory” – wherein the CNSSF represents a major state-sponsored institutional investor in 

China with dual roles and a deep information network.
1
  

The typical nature of a government institutional investor produces a likely conflict arising 

from the dual purpose associated with its decision objectives. On the one hand, the CNSSF aims to 

pursue wealth maximization like mutual funds and other types of institutional investors. On the 

other hand, its government linkage, among other things, requires a consideration of political 

intervention, social welfare (Shleifer and Vishny, 1994), tunneling effects (Johnson et al., 2000), 

and agency conflicts (Banerjee, 1997). These alternative perspectives lend naturally to potential 

countervailing influences. Hence, canvassing the impact of the activities of government-backed 

investors on firm value is a loaded question.  

Given the above, we exploit a mix of theoretical tension and frame our work around three 

alternative hypotheses (consistent with Bortolotti et. al., 2015) relating to state-sponsored 

investors. These hypotheses, to some extent, lead to contradictory predictions. The superior 

                                                             
1 On one hand, in the broader literature, our research speaks to issues linked to sovereign wealth funds (SWFs) 

(Kotter and Lel, 2011; Knill et al., 2012). On the other hand, CNSSF is a good reference for those social security 

funds that have not yet invested in the stock markets, for example, American social security fund has only limited 

investments in security assets. 
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monitoring hypothesis (SMH) is based on the view that the government-backed investor generally 

seeks a long-term investment and has incentives to closely monitor chosen firms. This monitoring 

might increase the value of the firm by improving corporate governance (Ferreira and Matos, 

2008; Li et al., 2006; Knill et al., 2012). However, from another angle, the political agenda 

hypothesis (PAH) suggests that conflicting interests between a state-sponsoring investor with 

noncommercial objectives and other shareholders could diminish firm value (Woidtke, 2002). 

From yet another perspective, the passive investor hypothesis (PIH) argues that government-

backed investors tend to passively acquire large stakes in response to concerns about political 

opponents. This action implies that efficient participation in corporate governance is limited and 

this can decrease firm value (Bortolotti et al., 2015). By controlling for the characteristics of the 

conventional institutional investors, our work accommodates these three hypotheses.  

Bortolotti et al. (2015) state that a government-backed investor might share similar 

characteristics with other types of institutional investors. Hence, it is appropriate to measure the 

effects of government-backed investors by setting other types of institutional investors as a 

benchmark. They find that, although government-backed investors can achieve positive 

performance around announcement dates, the returns are significantly lower than comparable 

private financial firms.
2
 In the spirit of Bortolotti et al. (2015), we explore a new angle to gauge 

the impact of government-backed investors on firm value both in the short- and long-term. We 

argue that in previous studies on such “dual-purpose” investors, the major challenge lies in how to 

appropriately filter the effect of mixed types of information (Lemmon et al., 2000). That is, the 

political purpose for a government-backed institutional investor is characteristically opaque and 

concealed in a low information environment (Leuz et al., 2003). We argue that ignorance of the 

careful separation of the profit motive from the institutional role, and the political goal from 

government role, is a serious confound in the existing debate (Kotter and Lel, 2011; Knill et al., 

2012).  

In contrast to the extant literature concentrating on event study abnormal returns, we propose a 

new method that uses portfolio holding differences to calibrate the political goal and its impacts. 

                                                             
2  Evidence on the abnormal returns captured by government-backed investors can also be found in other 

institutional investors’ transactions (Klein and Zur 2009; Greenwood and Schoar, 2009). 
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As such, we argue that the deviations of the CNSSF from its institutional investor counterparts 

captures valuable information that affects asset prices and that these deviations are a reliable proxy 

for the policy information. This information advantage is largely ignored or effectively 

camouflaged in previous research (Cohen et al., 2005; Blocher, 2013; Braverman and Minca, 2014; 

Hunter et al., 2014). In addition, through the agency of network techniques we seek to identify 

evidence of the extent to which mutual funds “hunt” for the CNSSF’s political motivations. In the 

conventional family level network, profitable ideas have a natural “spillover” effect across a 

developing network (Gray et al., 2012). Our paper is the first to examine the structure of the 

network, within which the CNSSF functions, to analyze spillovers of the CNSSF’s political 

information to mutual funds. 

The remainder of this paper proceeds as follows. Section 1 provides some background on the 

CNSSF. Section 2 details the research questions and main findings. Section 3 outlines methods. 

Section 4 presents the data, sample selection and descriptive statistics. In Section 5 we report the 

short-term analyses of CNSSF impacting on firm value. Section 6 presents the long-term empirical 

findings. Section 7 provides results of our spillover analyses and Section 8 concludes. 

 

1. The Chinese National Social Security Fund 

The CNSSF is part of the Chinese pension fund system, acting as a reserve fund for the 

Chinese social security system.
3
 The CNSSF satisfies the most important criteria as a government-

backed investor proposed by Bortolotti et al. (2015). The CNSSF is an investment fund and its 

funds are sourced from the financial allocation of the Ministry of Finance. About 40 percent of the 

CNSSF assets are invested into risky assets. However, Bortolotti et al. (2015) assume the CNSSF 

is a pension fund and exclude the CNSSF from the sovereign wealth funds (SWFs) list. However, 

the CNSSF does not afford liabilities to beneficiaries and Knill et al. (2012) thus treat the CNSSF 

as a SWF. In this paper, we classify the CNSSF as a usual state-sponsoring investor to relate our 

work to the studies on SWFs and American public pension funds. As described below, its unique 

nature makes the CNSSF an “ideal” focus for us to examine the motivations of an institutional 

investor with government backing. 

                                                             
3 For more detailed introduction, see Leckie and Pan (2006). 
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First and most importantly, the national council for the social security fund is in charge of the 

CNSSF management. However, few studies realize or recognize that the national council for 

social security funds only directly invests about 60 percent of the CNSSF’s total assets in risk-free 

assets Leckie S., and Pan, 2006). The management of the risky assets held by the CNSSF is 

outsourced to top fund management companies. These fund companies also manage other 

portfolios independent of the CNSSF. However, there exists a clear separation between the mutual 

fund management and the CNSSF portfolio management teams within the same fund management 

company. This division manifests through many facets of the organizational structure, including 

exclusive investment teams, offices, auditors and dealers. This dualistic management setting (Cici 

et al., 2010) helps to create a meaningful setting to identify the holding difference between the 

CNSSF and mutual funds in the same fund company and thus reflect CNSSF’s motivations.
4
  

Second, it is widely believed within the local investment community that the CNSSF has 

privileged information on government macro control and industry policy, especially given that 

state-owned enterprises dominate the Chinese stock market (Allen et al., 2012).
5
 From a research 

perspective, the CNSSF concentrates on the domestic market
6
and such an inward focus creates a 

conveniently closed environment, allowing us to more cleanly identify the impacts of policy 

information content on the value of firms. In addition, domestic government-backed investors tend 

to induce a greater impact on stock price than do foreign investors (Bortolotti et al., 2015).   

Third, the CNSSF’ portfolio allocations signal its political concerns (Li et al., 2016). Its 

investment strategies are placed more on safety-first, value-oriented and long-term investment 

(Impavido et al., 2009). Specifically, Knill et al., (2012) propose a premise that the government 

creates a monopoly-type environment to safely protect its assets at home. Hence, the special 

structure and unique role of the CNSSF in the Chinese market allows us to reliably assess how the 

                                                             
4 We also note that there is no direct competition between mutual funds and the CNSSF in the “tournament” sense, 

because a tournament makes a manager over-concerned with his counterparts’ decisions (Taylor, 2003). 

5 Huang et al. (2014) state the importance of policy information and document that an individual fund manager 

with a government background outperforms his/her peers in the Chinese stock markets. 

6 This is fundamentally different to the Chinese sovereign wealth funds (SWFs), such as China international capital 

corporation (CICC) and state administration of foreign exchange, who diversify their assets globally. 
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CNSSF policy information advantage is impounded into price (Grossman and Stiglitz, 1980). 

Accordingly, we argue that these conditions allow us to reasonably infer that performance/risk 

deviations between the CNSSF versus mutual funds in the same fund company are, other things 

equal, driven by the policy information advantage. Consequently, the deviations between the 

CNSSF stock holdings and the holdings of mutual funds reflect valuable and policy information 

advantage bestowed upon the CNSSF. 

 

2. Research questions and key findings 

We propose two research objectives in this paper. First, we test the CNSSF’s policy information 

advantage on firm value after controlling for its performance-based motivations. Second, we 

identify the spillover of the CNSSF’s policy information across the information networks in the 

Chinese mutual fund industry. 

To address the first objective, we measure the difference between the portfolio holdings of the 

CNSSF and mutual funds. This measure is used as a proxy for the CNSSF’s policy information 

advantage. The inspiration for this variable design comes from the peer deviation literature 

(Gupta-Mukherjee, 2013) and also aligns quite well with the intra-family level network literature 

(Nanda et al., 2004; Gaspar et al., 2006; Kempf and Ruenzi, 2008; Simutin, 2013).
7
 Peer decisions 

are important inputs when a fund manager reallocates his portfolios (Celen and Kariv, 2004; 

Gupta-Mukherjee, 2013). Thus, a fund’s “non-conforming” behavior, whether it relates to over- or 

underweighting a stock in the portfolio, implies something about the manager’s own information 

exploration ability (Coval and Moskowitz, 2001; Kacperczyk et al., 2005; Cremers and Petajisto, 

2009; Tang, 2013). Of key importance is that it is a risky and costly behavior if a fund manager 

foregoes valuable family-level information. Our particular contribution to the peer deviation 

                                                             
7 Our research is related to but different from studies on “active” shares (Cremers and Petajisto, 2009; von Reibnitz, 

2015). These studies resort to identify the “active” deviations by choosing the passive benchmarks matched on 

mutual fund objectives (Cremers and Petajisto, 2009; Gupta-Mukherjee, 2013; Jiang et al., 2014). However, we 

argue any fund manager in the same family is not a stand-alone entity and previous benchmark methods 

undervalue the peer effects. In addition, the CNSSF does not passively implement a tracking index strategy but 

rather tends to pursue a strong anti-market-cycle approach (Li et al., 2016). 
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literature is that we compare two peer groups, separated through the lens of a regulatory imposed 

divide (Yue 2012). Therefore, we introduce a new dimension to the question of how to measure a 

government-backed portfolio manager’s motivations. However, since the CNSSF and mutual fund 

managers enjoy the same research platform in a given fund management company, in effect they 

face equivalent sources in terms of fundamental information. Moreover, fund companies in China 

adopt a centralized management structure. If we assume that a fund company induces a 

community or network, this centralized network (Massa, 2003; Goyal et al., 2006) tends to create 

similar “best idea” stock-picking choices (Cohen et al., 2009; Pomorski, 2006, 2009; Jiang et al., 

2014), especially when the valuable investment opportunities are limited (by scale) in the market 

place (Berk and Green, 2004). As such, these factors provide a strong control over the traditional 

opportunities available to the dual peer groups, thereby allowing a cleaner test of our “policy 

information advantage hypothesis”. 

We have mixed conclusions regarding the CNSSF’s policy information advantage on the firm 

value. For the short-term analyses, we find that there is a positive and significant relation between 

the policy information advantage and stock performance. Further, the CNSSF actively promotes 

inside information that is reflected in asset prices consistent with price discovery. The policy 

information advantage also impacts systematic risk. In the long run, we find the CNSSF’s political 

motivations show a significantly negative relation with firm operating performance. This is 

consistent with the PAH and PIH supported by Bortolotti et al., (2015). However, the CNSSF’s 

transactions with political purposes can increase the firm’s debt to asset ratio. A high debt to asset 

ratio shows higher borrowing capacity and is consistent with Bortolotti et al., (2015) who shows 

government-backed firms can increase the likelihood of achieving loans from state-owned banks. 

Exploring our second objective, our target is to identify the role of the CNSSF influence in the 

Chinese mutual fund industry. The information network framework (Goyal et al., 2006) allows us 

to expand our analysis to determine if the policy information advantage can transmit to other funds 

either within the network or outside. We select the CNSSF as the center of the network and adopt 

‘portfolio holdings overlap’ as a proxy for the connections between mutual funds and the CNSSF. 

We emphasize that it is the community or network that has considerable influence over 

information production and dissemination (Cao and Xia, 2006; Ozsoylev and Walden, 2011; 
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Ozsoylev et al., 2014; Pareek, 2012). According to limited attention theory (Merton, 1987; Huang 

et al. 2007), if skilled mutual fund managers can capture the CNSSF’s political information, there 

will be information spillovers across the network. 

Our analysis, within the information network framework, shows that there are information 

spillovers across the information network in the Chinese mutual fund industry and that this 

spillover affects the performance of mutual funds. Our findings are consistent with the arguments 

of the word-of-mouth effect (Hong et al., 2005). It is difficult to stop information spillover across 

the mutual fund industry, even if there is strict divide between a mutual fund and the CNSSF 

portfolios. As such, we provide empirical evidence that the information networks drive asset 

prices (Ozsoylev and Walden, 2011). Next, sitting close to the network structure, we show that the 

CNSSF’s political information positively benefits the mutual funds in the same fund management 

company as the CNSSF portfolios. This finding is highly relevant to the hot debate over the value 

of active management in the mutual fund industry. Although several studies state that actively 

managed funds fail to beat passive benchmarks,
8
 such findings trigger persistent arguments about 

the fund managers’ stock-picking skills.
9
 In this paper we identify that fund managers have the 

ability to collect useful information from this information network (Cohen et al., 2005), 

specifically from government-backed investors. In contrast, mutual funds who are outside the 

CNSSF’s fund management network cannot obtain positive benefits. This result is consistent with 

the theoretical predictions of Stein (2008), who states that the information is useful only when it is 

clustered around the network center. We provide evidence that if the investors are far from the 

center, the information can have adverse impacts. This concept is omitted by previous studies. 

 

 

                                                             
8 See, Jeson (1968); Daniel et al., (1997); Berk and Green (2004); Fama and French (2010). 

9 For example, best ideas (Pomorski, 2009; Cohen et al., 2009), consensus wisdom (Cohen et al., 2005; Jiang et al., 

2014), value-oriented motivation (Alexender et al., 2007), private information (Kacperczyk and Seru, 2007; Easley 

et al. 2010; Amihud and Goyenko, 2010), and portfolio concentration (Kacperczyk et al., 2005; Huij and Derwall, 

2011). 
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3. Methods 

3.1 Overview 

There are approximately 40 CNSSF portfolios managed by the top 15 fund management 

companies in China. These portfolios have different investment objectives, such as equity, bond, 

mixed, index and IPOs. Instead of estimating the aggregate performance of the CNSSF, we follow 

the constituent stocks actively invested by the CNSSF. By adopting this “micro” level approach, 

we can better quantify the potential benefits from the policy information advantages of the CNSSF, 

since (somewhat perversely) focusing on well-diversified portfolios obscure the measurement of a 

fund manager’s investment skill (Cremers and Petajisto, 2009). More specifically, for a given 

stock, we measure the portfolio weight deviations between a CNSSF portfolio and the weights of 

this stock held by all the mutual funds in the same fund company across all the portfolios. The 

idea here is that the average portfolio weighting taken across all such relevant portfolios represents 

a reliable benchmark that “washes away” other “noisy” idiosyncratic factors that could affect 

individual portfolio decisions. We label this deviation the CNSSF policy information advantage 

(𝐶𝑃𝐼𝐴). Moreover, we sort all the stocks in our sample by the 𝐶𝑃𝐼𝐴  metric and then assess 

whether/to what extent the stocks with high 𝐶𝑃𝐼𝐴  outperform the stocks with low 𝐶𝑃𝐼𝐴 . To 

provide a “deep dive” into the multi-dimensional ways in which the information advantage could 

manifest, we examine the relations between the 𝐶𝑃𝐼𝐴 and: momentum, price synchronicity and 

systematic risk. We also study changes in the 𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴).  

We model a stock’s future excess return as a function of 𝐶𝑃𝐼𝐴  (𝐶𝐶𝑃𝐼𝐴), controlling for 

relevant firm characteristics. Quarterly “abnormal” returns for each stock are calculated using 

several alternative models: CAPM, Fama-French three-factor model, Carhart four factor model 

and Liquidity five-factor model. To further investigate the degree of the informational market 

efficiency, we extend the 𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴) prediction horizon from one quarter to twelve quarters.  

Next, we model the long-term effects of CPIA on firm value. We use return on assets (ROA), 

sales growth (SG), quick ratio (QR), debt to assets (DtoA) and Tobin’s Q (TQ) as measures of 

long-term value across a three-year period. 

Finally, we aim to assess whether and to what extent the CPIA is “transmitted” to the mutual 

funds in the same fund management company or that it might even travel across different 
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companies via some form of information network effect. Borrowing some useful techniques from 

the information network literature, we designate that a connection exists between a CNSSF 

portfolio and a mutual fund if they hold in common at least one same stock in a given quarter. We 

distinguish whether a mutual fund comes from the same fund management company linked to a 

CNSSF portfolio. In this latter analysis, consistent with Hong et al. (2005), Glode et al. (2012) and 

Kacperczyk (2014), mutual fund performance is modelled as a function of the CNSSF information 

network, controlling for fund characteristics. 

 

3.2 Quantifying the CNSSF Policy Information Advantage (CPIA)  

In line with Pomorski (2006, 2009), we assume that surrounding a mutual fund is a community 

or an information network. Suppose that there are 𝐶 = {1,2, … 𝑐}  CNSSF portfolios and 𝐹 =

{1,2, … 𝑓} fund management companies in our sample. We borrow some terminology from graph 

theory. Specifically, there is an edge 𝑔𝑐,𝑚 between the CNSSF portfolio 𝑐 and a mutual fund 𝑚, if 

they hold the same stock 𝑖  in the period 𝑡 (Pareek, 2012). From these edges, we conceive an 

information network connecting the CNSSF and mutual funds. The collection of the CNSSF 

portfolios and the edges yield an information network 𝐺 (Goyal et al. 2006). Let 𝑁𝑐(𝐺) = {𝑚 ∈

𝑁: 𝑔𝑐,𝑚 ≠ 0} be the set of mutual funds who have connections with the CNSSF Portfolio 𝑐 in the 

network 𝐺.  Later, we will separate these mutual funds (m) connected to the CNSSF, portfolio 𝑐 by 

classifying the mutual funds into two groups. First an ‘inside connected fund’ is a mutual fund that 

belongs to the same fund management company as Portfolio 𝑐  and invests in stocks that are 

included in the CNSSF portfolio. Second an ‘outside connected fund’ is a mutual fund that 

belongs to a fund management company with no direct link to the CNSSF but invests in stocks 

that are included in Portfolio 𝑐. We seek to identify the extent to which the speed of information 

dissemination impacts the funds’ performance across all classifications.  

Given the collection of components just described, we can turn now to measuring the 𝐶𝑃𝐼𝐴. 

Unlike Pomorski (2006, 2009) and Cohen et al. (2005), who focus on an individual fund 

manager’s “best idea” stock-picking ability, consistent with the logic and motivation presented 

above, we choose to emphasize the aggregate policy information across all the CNSSF portfolios. 

Our measure actually highlights a dispersion concept among CNSSF portfolios (Jiang and Sun, 
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2014). Thus, 𝐶𝑃𝐼𝐴 is defined as:
10

 

 𝐶𝑃𝐼𝐴𝑖,𝑡 = √
1

𝑁−1
∑ (𝜔𝑖,𝑡

𝑐 − 𝜔𝑖,𝑡
𝑓𝑐 )2𝐶

𝑐=1 , (1) 

where 𝜔𝑖,𝑡
𝑐  is the stock 𝑖 weight in the CNSSF portfolio 𝑐 investment universe, 𝜔𝑖,𝑡

𝑐 =
𝑆𝑖,𝑡

𝑐 𝑃𝑖,𝑡

∑ 𝑆𝑗,𝑡
𝑐 𝑃𝑗,𝑡𝑗

  ; 𝑆𝑖
𝑐 

is the number of shares held by Portfolio C in stock 𝑖 in quarter 𝑡 and 𝑃𝑖 is the closing price of 

stock 𝑖 in the end of quarter 𝑡. 𝜔𝑖,𝑡
𝑓𝑐  is the stock 𝑖 weight in the fund, at company level, where the 

CNSSF 𝑐 resides. In a fund company 𝑓𝑐, as a whole, this company holds 𝑆𝑖
𝑓𝑐 shares of stock 𝑖 in 

quarter 𝑡. 𝑃𝑖  is the closing price of stock 𝑖  at the end of quarter 𝑡. Then we have the holding 

weights at the fund company level as 𝜔𝑖,𝑡
𝑓𝑐 =

𝑆𝑖,𝑡
𝑓𝑐𝑃𝑖,𝑡

∑ 𝑆𝑗,𝑡
𝑓𝑐𝑃𝑗,𝑡𝑗

. 𝑁 is the number of stocks held across all the 

CNSSF portfolios in a given quarter 𝑡. 

 Consequently, we define the change in 𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴) as: 

 

 𝐶𝐶𝑃𝐼𝐴𝑖,𝑡 = 𝐶𝑃𝐼𝐴𝑖,𝑡 − 𝐶𝑃𝐼𝐴𝑖,𝑡−1 (2) 

 

Our method is similar to Jiang and Sun (2014). In both papers, fund managers with an 

informational advantage are treated as a (homogeneous) investment group. The 𝐶𝑃𝐼𝐴 value for 

stock 𝑖 this period is expected to have a positive effect on performance of stock 𝑖 next period. 

Formally, we have our policy information advantage hypothesis. 

H1: There is significant positive relation between the CNSSF policy information advantage 

and stock value. 

We expect that 𝐶𝑃𝐼𝐴 can predict a stock’s performance. For a preliminary view, consider 

Figure 1, which shows the market level 𝐶𝑃𝐼𝐴 time series
11

 from Q2 2005 to Q2 2014
12

. We 

average 𝐶𝑃𝐼𝐴𝑖,𝑡 across stocks in each quarter to have market level 𝐶𝑃𝐼𝐴  and compare it with the 

                                                             
10 We also use an alternative measure to highlight a “consensus wisdom” concept among CNSSF portfolios (Jiang 

et al., 2014; Kacperczyk et al., 2014). This is 𝐶𝑃𝐼𝐴𝑖,𝑡 =
1

𝑁
∑ (𝜔𝑖,𝑡

𝑐 − 𝜔𝑖,𝑡
𝑓𝑐 )𝐶

𝑐=1  and the results are largely similar. 

11 We average individual stock level 𝐶𝑃𝐼𝐴 as a market level proxy. 

12 The number of CNSSF holdings is low in 2004, in order not to distort our graph we display 𝐶𝑃𝐼𝐴 from 2005.  
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evolution of aggregate market value (represented by the Shanghai and Shenzhen 300 Index). 

Notably, 𝐶𝑃𝐼𝐴 displays a reasonable degree of variability, fluctuating with the market cycle. With 

a rising market in 2007–2008, the 𝐶𝑃𝐼𝐴 also expands.  This variation implies that the CNSSF 

displays an aggressive attitude to capture profit.  In Table 1, we list descriptive statistics of yearly 

stock level 𝐶𝑃𝐼𝐴. We find after 2008, the dispersions between the CNSSF and fund companies 

(measured by average of stock level 𝐶𝑃𝐼𝐴) have gradually decreased. 

INSERT FIGURE 1 

INSERT TABLE 1 

 

The information network can extend from an intra-fund management company to the entire 

mutual fund industry. To measure the connection strength 𝑔𝑐,𝑚 between a CNSSF portfolio 𝑐 and 

a mutual fund 𝑚 , we employ three alternative proxies. The first proxy is the number of 

overlapping stocks held by a CNSSF portfolio 𝑐 and mutual fund 𝑚 divided by the number of 

stock holdings in this mutual fund 𝑚. We denote this metric for the overlapping number of stocks, 

𝑂𝑁𝑐,𝑚, by:  

 𝑂𝑁𝑐,𝑚 =
#{𝑆𝑡𝑜𝑐𝑘𝑖|𝑆𝑡𝑜𝑐𝑘𝑖∈{𝑆𝑡𝑜𝑐𝑘 𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑐∩𝑆𝑡𝑜𝑐𝑘 𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑚}}

#𝑆𝑡𝑜𝑐𝑘 𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑚
 (3) 

The second proxy is the sum of overlapping holding weights through the holdings of the 

CNSSF 𝑐 and mutual fund 𝑚 (Elton et al. 2007), 𝑂𝑊𝑐,𝑚, defined as:  

 𝑂𝑊𝑐,𝑚 = ∑ 𝑚𝑖𝑛 (𝜔𝑖,𝑐 , 𝜔𝑖,𝑚)𝑆𝑡𝑜𝑐𝑘𝑖∈{𝑆𝑡𝑜𝑐𝑘 𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑐∩𝑆𝑡𝑜𝑐𝑘 𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑚}  (4) 

where 𝜔𝑖,𝑐 and 𝜔𝑖,𝑚 are the holding weights of the stock 𝑖 in the CNSSF portfolio 𝑐 and in the 

mutual fund 𝑚 investment universe, respectively.  

We recognize that there are potential biases with the previous metrics. Most notably, they 

ignore how much effort a mutual fund manager might expend in uncovering valuable information 

held by the CNSSF. For example, consider two mutual funds 𝑚1 and 𝑚2. They are both heavily 

exposed to one stock 𝑖, relative to a CNSSF portfolio 𝑐. Specifically, their holding weights of 

stock 𝑖  are 𝜔𝑖,𝑚1
= 60%  and 𝜔𝑖,𝑚2

= 80% , versus 𝜔𝑖,𝑐 = 10% .  In both cases, 𝑂𝑊𝑐,𝑚  is still 

10%, and so while they are different in exposure, the OW metric ignores this. To address this 

issue, we define a third metric: 
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 𝑂𝑊𝐴𝑐,𝑚 = ∑ ((𝜔𝑖,𝑐 + 𝜔𝑖,𝑚) 2⁄ ))𝑆𝑡𝑜𝑐𝑘𝑖∈{𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑐∩𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑚
    (5) 

According to the Limited Participation/Participation Costs perspective (Merton, 1987; Huang 

et al. 2007), the stronger 𝑔𝑐,𝑚, the greater the ease in information flow from a CNSSF portfolio 𝑐 

manager to mutual fund manager 𝑚, especially when they are in the same management company. 

In contrast to prior literature, we separate the link in the information network, 𝑔𝑐,𝑚, to 𝑔𝑚,𝑐
𝐼𝑁  and 

𝑔𝑚,𝑐
𝑂𝑈𝑇, where 𝑔𝑚,𝑐

𝐼𝑁  means mutual fund 𝑚 and CNSSF portfolio 𝑐 are in the same fund company, 

and, 𝑔𝑚,𝑐
𝑂𝑈𝑇 means they are not in the same fund company. Ellison and Fudenberg (1995) and Hong 

et al. (2005) state neighbors’ “word-of-mouth” effects promote information dissemination. Hence, 

we hypothesis as follows: 

 

H2.1: There is a positive relation between information network connection strength 𝑔𝑚,𝑐
𝐼𝑁  and 

mutual fund future performance.  

 

Further, Stein (2008) argues that effective information dissemination only clusters around the 

center of the network. Hence, we expect the distance between managers to impact information 

speed and affect future fund performance. We propose: 

 

H2.2: There is a negative relation between information network connection strength 𝑔𝑚,𝑐
𝐼𝑁  and 

mutual fund future performance.  

 

4. Data and Descriptive Statistics 

4.1 Data 

Although the CNSSF has become the most important institutional investor in Chinese stock 

markets (Leckie and Pan, 2006), its portfolio stock holdings are still very opaque. While the 

national council for social security fund discloses, overall, the CNSSF financial statements in its 

yearly report, we have little knowledge about detailed stock holdings and performance of each 

portfolio managed by fund management companies. However, we can trace the CNSSF stock 

holdings from the listed companies in the Chinese stock markets, since these companies disclose 
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their top 10 outstanding shareholders in quarterly reports. In line with Li et al. (2016), we estimate 

the CNSSF stock holdings in this way. If a CNSSF portfolio 𝑐 shows up in the list of a company, 

we calculate the holding value of this stock (number of shares held times the price at the beginning 

of the quarter 𝑡). Then we have the holding weights of the CNSSF portfolio 𝑐 in quarter 𝑡. CNSSF 

has more than 40 different types of portfolios, identified by a three digit number: equity portfolios 

starting with “1”, bond portfolios starting with “2”, and so on. We choose to study equity 

portfolios represented by portfolio numbers 101-118. Our sample comprises 1311 unique stocks 

(22 in 2004 to 400 in 2014) traded by 18 CNSSF portfolios
13

. 

Table 2 summarizes CNSSF basic information. The table shows that the 18 equity portfolios 

are managed by 15 distinct fund management companies. Column 4 reports the beginning 

investment date in our sample: 12 portfolios (No. 101-112) starting in 2004 and 2005 and 6 

portfolios (No. 113-118) starting in 2011
14

. Column 2 displays the number of unique stocks traded 

by each portfolio. 

INSERT TABLE 2 

 

4.2 Descriptive statistics and univariate analysis 

In Table 3, we present the descriptive statistics showing stock selection preferences for, and 

differences between, the CNSSF and equity mutual funds. We compare the differences across five 

categories: stock characteristics, stock alphas, stock synchronicity, stock systematic risk and long-

term operating performance. We find that the investment stake (measured by shares held divided 

by the total outstanding shares) of the CNSSF is more than the fund companies by 1.44%, and the 

CNSSF holds smaller size companies. This means that the CNSSF often holds the prime position 

                                                             
13 By the end of 2014, the CNSSF’s had entrusted assets to external fund managers amounting to 763.82 billion 

Yuan, representing 49.74% of total assets. In 2014 our method estimates 211.99 billion Yuan in equity portfolios, 

accounting for 27.75% of entrusted assets. Note that entrusted assets include stocks, bonds, funds and derivatives. 

Therefore we assume our method is a reasonable estimation of entrusted equity assets.  

14 CNSSF was founded in November 2000. In June 2003, CNSSF started to entrust six fund management 

companies to invest in the domestic market. However, the CNSSF started appearing on the top ten shareholder lists 

in 2004. 
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to take controlling rights of a firm. In contrast, Bortolotti et al. (2015) reports that SWFs prefer 

lower stakes and larger size stocks. In addition, we document that the CNSSF’s holdings have 

younger age, lower book to market (BtM), but higher turnover, implying that the CNSSF likes 

growth stocks that may attract more momentum trades. With respect to other types of investors, 

the ownerships of Qualified Foreign Institutional Investors (QFII), retail investors (retail) and 

other financial investors (OF), that overlap with the CNSSF, are all slightly lower than the 

ownership overlap between the CNSSF and the mutual funds. We find that the abnormal returns of 

stocks held by the CNSSF are significantly lower than that held by mutual fund management 

companies. This finding supports the discount hypothesis proposed by Bortolotti et al. (2015), 

where the performance of state-sponsored investors is inferior to their counterparts, the private 

financial investors. Interestingly, the price synchronicities are lower reflecting that the CNSSF 

promotes more firm-level information that impacts stock prices. We document mixed evidence 

regarding the multiple dimensions of systematic risk. The risk loading on the market premium 

(MKT) and size factor (SMB) are higher for the CNSSF, whereas the value factor (HML), 

momentum factor (UMD) and liquidity factor (LIQ) have lower risk exposure for the CNSSF. 

Turning to the long-term performance, the CNSSF tends to hold stocks with lower return on assets 

(ROA), sales growth (SG) and Tobin’s Q (TQ) and; with lower liquidity, measured by quick ratio 

(QR) and; lower leverage proxied by debt to asset ratio (DtoA). These descriptive statistics are 

broadly consistent with findings of Bortolotti et al. (2015). 

INSERT TABLE 3 

 

We also identify the connections between mutual funds and the CNSSF in the broader Chinese 

mutual fund industry. We use the overlap in portfolio holdings to define connections. In China, a 

mutual fund is only required, by law, to disclose its entire portfolio holdings in its half-yearly and 

yearly reports, while in the first and third quarterly reports, mutual funds merely disclose the top 

ten most heavily weighted stocks in their portfolios. To control for this bias, we search for the 

undisclosed stock holdings of a mutual fund from the top 10 shareholder list of a listed company. 

If this fund is in the list of a listed company, but this company is not disclosed by this fund, we add 

the company to the holdings of the mutual fund.  
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In Table 4, we show the descriptive statistics for the inside connected funds and the outside 

connected funds. We aim to make comparisons between the connected funds to understand the 

network characteristics centered on the CNSSF. We have 516 outside connected funds and 156 

inside connected funds from 68 fund management companies. The connected strength is measured 

by the number of overlapping stocks (𝑂𝑁) and overlapping weights (𝑂𝑊 and 𝑂𝑊𝐴). We find the 

connected strength between the CNSSF and mutual funds outside the fund companies is stronger 

than the connection between the CNSSF and inside funds. This result implies that the outside 

mutual funds lean more on the CNSSF’s investments for the development of portfolio 

composition. We also note that the outside funds perform worse than the inside funds. This means 

that the information dissemination speed affects the performance of mutual funds. Outside funds 

tend to be those with smaller size, higher fund turnover, are younger in age, have higher expenses 

and higher fund flows. Collectively, these observations imply that outside funds tend to be more 

able to detect the information held by the CNSSF.  

INSERT TABLE 4 

 

We assign the holding weights of both mutual funds and the CNSSF to the stock performance 

data. The stock data are from China Stock Market & Accounting Research (CSMAR) Database. 

Our sample spans Q2, 2004 to Q2, 2014, thereby covering pre, during and post financial crisis.  

 

5. Policy Information advantage and short-term firm performance 

5.1 Policy information advantage and abnormal returns 

To examine the relation between the 𝐶𝑃𝐼𝐴 and future stock return, we model the performance 

of a stock (𝑆𝑃𝑖,𝑡) as a function of the 𝐶𝑃𝐼𝐴 and firm characteristics as control variables. In our 

regression, the dependent variable 𝑆𝑃𝑖,𝑡 is the quarterly performance on stock i. Stock performance 

is measured using various abnormal return measures. As stated earlier, the abnormal returns are 

calculated using the CAPM, Fama and French (1993) three factor model, Carhart (1997) four 

factor model and liquidity five factor model (Liu, 2006). The five factor model has a general 

specification as follows:  
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𝑅𝑖,𝑡 − 𝑅𝐹,𝑡 = 𝛼𝑖 + 𝛽𝑖,𝑀(𝑅𝑀,𝑡 − 𝑅𝐹,𝑡) + 𝛽𝑖,𝑆𝑀𝐵𝑆𝑀𝐵𝑡 + 𝛽𝑖,𝐻𝑀𝐿𝐻𝑀𝐿𝑡 + 𝛽𝑖,𝑀𝑂𝑀𝑈𝑀𝐷𝑡 +

𝛽𝑖,𝐿𝐼𝑄𝐿𝐼𝑄𝑡 + 휀𝑖,𝑡       (6) 

 

where, 𝑅𝑖,𝑡 − 𝑅𝐹,𝑡 is the stock 𝑖 daily return for day 𝑡 minus the risk-free rate, 𝑅𝐹,𝑡 is the 1-year 

deposit rate as the proxy for risk-free rate, 𝑅𝑀,𝑡 − 𝑅𝐹,𝑡 is the excess return on the market, proxied 

by the Shanghai and Shenzhen 300 index return, 𝑆𝑀𝐵𝑡 is the return difference between small and 

large capitalization stock portfolios, 𝐻𝑀𝐿𝑡 is the return difference between high and low book-to-

market ratio portfolios, 𝑈𝑀𝐷𝑡  is the return difference between high and low past return stock 

portfolios, 𝐿𝐼𝑄𝑡 is the return difference between high and low liquidity stock portfolios. Liquidity 

is measured by the Amihud ratio (2002), which is the absolute value of daily return divided by 

daily volume measured in Yuan. 𝛼𝑖 is the proxy for the quarterly stock performance 𝑆𝑃𝑖,𝑡 from LIQ 

five factor model.  

 

To identify the relation between 𝐶𝑃𝐼𝐴 in quarter 𝑡 and stock performance in the following 

quarter 𝑡 + 1 the cross-sectional regression is designed as follows: 

 

𝑆𝑃𝑖,𝑡+1 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝑆𝑃𝑖,𝑡 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                             (7) 

 

where, 𝐶𝑃𝐼𝐴𝑖,𝑡  is the CNSSF policy information advantage on stock 𝑖 , 𝑆𝑃𝑖,𝑡  is the lagged 

performance, reflecting performance persistence, 𝑆𝑖𝑧𝑒𝑖,𝑡 is the quarterly market value of stock 𝑖 

(natural log transformation), 𝐵𝑡𝑀𝑖,𝑡 is the book value in the end of previous quarter divided by 

quarterly market value, 𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡  is the quarterly turnover rate and 𝐴𝑔𝑒𝑖,𝑡  is the number of 

quarters since the listing date (natural log transformation). Three variables are included to control 

for the roles of other types of investors: 𝑄𝐹𝐼𝐼𝑖,𝑡 is stock 𝑖 shares held by QFII (Qualified Foreign 

Institutional Investors) divided by total outstanding shares in quarter 𝑡, 𝑂𝐹𝑖,𝑡 is stock 𝑖 shares held 

by other institution investors, divided by total outstanding shares in quarter 𝑡 and 𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 is stock 
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𝑖 shares held by retail investors divided by total outstanding shares in quarter 𝑡. 

 

Table 5 (Panel A) reports the multi-variable regression results for 𝐶𝑃𝐼𝐴  and 𝐶𝐶𝑃𝐼𝐴 . The 

dependent variable is the model adjusted abnormal returns. As reported in columns (1) to (4), we 

find a positive and significant relation between 𝐶𝐼𝑃𝐴 and CAPM abnormal return (columns (1)); 

Fama-French three factor model abnormal return (columns (2)); Carhart four factor model 

abnormal return (columns (3)); and LIQ five factor model abnormal return (columns (4)). In 

columns (5) to (8) we report results from the multi-variable regressions where 𝐶𝑃𝐼𝐴 is replaced by 

𝐶𝐶𝑃𝐼𝐴 in equation (7). Here we find that there is a positive and significant relation between the 

𝐶𝐶𝑃𝐼𝐴 across all abnormal return measures, showing that the one-period change in the policy 

information advantage robustly predicts future stock returns. The findings, with respect to the 

abnormal return measures, are consistent with the superior monitor hypothesis (SMH). In the 

short-term the information advantage held by the CNSSF has a significant positive relation with  

the firm’s market performance in the subsequent period . 

Turning now to the control variables, we find a negative relation between stock performance 

and lagged performance, consistent with reversal effects (Cooper et al. 2004) of CSNNF stock 

holdings. There is also negative linkage to stock turnover and its future abnormal return (Jiang and 

Sun, 2014). There is no relation between the type of investor and abnormal returns. There is a 

significant positive relation between retail investors and abnormal returns, consistent with 

informed retail investors. These investors are included in the top 10 shareholders and can have 

inside information or be speculators with large investments in the company.  

In Table 5 (Panel B), we adopt sort-based analysis to cross-test our regression results. At the 

beginning of a quarter, we sort all the stocks into four quantiles based on the 𝐶𝑃𝐼𝐴 or 𝐶𝐶𝑃𝐼𝐴 

values. Then we calculate the weighted average of the quarterly performance across the four 

portfolios. Columns (1)-(4) ((5)-(8)) represents the 𝐶𝑃𝐼𝐴  (𝐶𝐶𝑃𝐼𝐴) analysis. We find that the 

abnormal return difference of the stock portfolios with high and low 𝐶𝑃𝐼𝐴  is positive and 

significant. Moreover, we find the stocks with high 𝐶𝐶𝑃𝐼𝐴  outperform the stocks with low 

𝐶𝐶𝑃𝐼𝐴. Overall, the numbers in the quantiles monotonically increase with an increase in 𝐶𝑃𝐼𝐴 or 

𝐶𝐶𝑃𝐼𝐴 . As such, these findings reinforce the positive linkage between policy information 
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advantage and future stock performance. 

To examine how quickly the market reflects 𝐶𝐼𝑃𝐴 or 𝐶𝐶𝑃𝐼𝐴, we extend the future stock 

performance from period 𝑡 + 1 to 𝑡 + 𝑘, 𝑘 = 2,3, … .12. The following equations are estimated: 

 

𝑆𝑃𝑖,𝑡+𝑘 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝑆𝑃𝑖,𝑡+𝑘−1 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                                    (8) 

 

𝑆𝑃𝑖,𝑡+𝑘 = 𝛼0 + 𝛾1𝐶𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝑆𝑃𝑖,𝑡+𝑘−1 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                                      (9) 

 

Panel C of Table 5 illustrates the regression results when k = 2, 3, 8 and 12 for the 𝐶𝑃𝐼𝐴 

analysis for the 𝐶𝐶𝑃𝐼𝐴 analysis, respectively. The dependent variables are LIQ five factor model 

alphas. 𝐶𝑃𝐼𝐴  positively predicts abnormal return through to period 3 (see, Columns (1)-(4)). 

Columns (5)-(8) shows the results for 𝐶𝐶𝑃𝐼𝐴. We find 𝐶𝐶𝑃𝐼𝐴 only positively affects abnormal 

returns up to period 2. These results suggest that the market quickly incorporates the 𝐶𝑃𝐼𝐴 and  

𝐶𝐶𝑃𝐼𝐴 into asset prices.  

INSERT TABLE 5 

 

5.2 Policy information advantage and stock synchronicity 

A negative relation between 𝐶𝑃𝐼𝐴  and synchronicity means that the participation of the 

CNSSF promotes price discovery and induces more private/inside information of a firm to be 

impounded into its stock price. Following Hutton et al. (2009), we define the quarterly 

synchronicity of stock 𝑖 as:  

 𝑆𝑦𝑛𝑖,𝑡 = 𝑙𝑜𝑔(
𝑅𝑖,𝑡

2

1−𝑅𝑖,𝑡
2 ) (10) 

 

where 𝑅𝑖,𝑡
2  is the goodness of fit produced by a factor model (e.g. five factor model as shown in 

equation (6)). 

We aim to test if the 𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴) can impact the synchronicity of a stock 𝑖 in the next 
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quarter. We run cross-sectional regression as follows:  

𝑆𝑦𝑛𝑖,𝑡+1 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝑆𝑦𝑛𝑖,𝑡 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                             (11) 

 

𝑆𝑦𝑛𝑖,𝑡+1 = 𝛼0 + 𝛾1𝐶𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝑆𝑦𝑛𝑖,𝑡 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                               (12) 

Table 6 (Panel A) summarizes the results of multi-variable regressions. Specifically, the 

independent variable is the synchronicity from CAPM; Fama and French; Carhart; and LIQ 

models. Columns (1) to (4) report the relation between 𝐶𝑃𝐼𝐴 and synchronicity. Across all models, 

there is a robust negative and significant relation between 𝐶𝑃𝐼𝐴 in quarter 𝑡 and synchronicity in 

the next quarter 𝑡 + 1 . This result implies that the trades of the CNSSF decrease stock 

synchronicity. High synchronicity means that the stock follows the market fluctuations. If a stock 

has low synchronicity, it implies that there is firm-specific information reflected in the stock price. 

As such, these results show that the CNSSF improves the information flow into the market 

(Hutton et al., 2009). Columns (5) to (8) display similar results, this time with regard to the 

quarterly change in policy information advantage. Specifically, there is a significant negative 

relation between 𝐶𝐶𝑃𝐼𝐴  and stock synchronicity. We also find a significant positive relation 

between the stock synchronicity and lagged synchronicity, firm size, and turnover. However, the 

positive relation shows that domestic financial investors increase synchronicity. Finally, in Panel 

B in columns (1) to (4) ((5)-(8)), we sort the stocks in our sample into four 𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴) 

quantiles to compare portfolio synchronicity in the next quarter. We find that the weighted average 

of synchronicity with high 𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴) is lower than the portfolio with low 𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴). 

Moreover, the synchronicity difference between stocks with high versus low 𝐶𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴)  is 

negative and significant.  

INSERT TABLE 6 

 

5.3 Policy information advantage and systematic risk 

In this section we discuss the relation between 𝐶𝑃𝐼𝐴 and stock systematic risk. We extract the 
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systematic risk measures 𝛽𝑖,𝑀, 𝛽𝑖,𝑆𝑀𝐵, 𝛽𝑖,𝐻𝑀𝐿, 𝛽𝑖,𝑀𝑂𝑀, 𝛽𝑖,𝐿𝐼𝑄, from Equation (6). Substituting these 

systematic risks into equation (6) as independent variable, we have: 

 

𝛽𝑖,𝑀,𝑡+1 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝛽𝑖,𝑀,𝑡 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                            (13) 

 

𝛽𝑖,𝑆𝑀𝐵,𝑡+1 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝛽𝑖,𝑆𝑀𝐵,𝑡 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                               (14) 

 

𝛽𝑖,𝐻𝑀𝐿,𝑡+1 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝛽𝑖,𝐻𝑀𝐿,𝑡 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                               (15) 

 

𝛽𝑖,𝑀𝑂𝑀,𝑡+1 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝛽𝑖,𝑀𝑂𝑀,𝑡 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                                (16) 

 

𝛽𝑖,𝐿𝐼𝑄,𝑡+1 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝛽𝑖,𝐿𝐼𝑄,𝑡 + 𝛾3𝑆𝑖𝑧𝑒𝑖,𝑡 + 𝛾4𝐵𝑡𝑀𝑖,𝑡 + 𝛾4𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖,𝑡 + 𝛾5𝐴𝑔𝑒𝑖,𝑡 +

𝛾6𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾7𝑂𝐹𝑖,𝑡 + 𝛾8𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡                                                              (17) 

All variables are as previously defined. 

 

Table 7 presents the results. Panel A shows the relation between 𝐶𝑃𝐼𝐴, 𝐶𝐶𝑃𝐼𝐴 and systematic 

risk. The results are mixed. First, in Columns (1) to (5), we do not find a significant relation 

between 𝐶𝑃𝐼𝐴 and MKT and SMB systematic risks. Second, we find a negative and significant 

relation between 𝐶𝑃𝐼𝐴 and HML and LIQ systematic risk. Third, there is a positive and significant 

relation between 𝐶𝑃𝐼𝐴 and UMD systematic risk. For comparison, we report the relation between 

𝐶𝐶𝑃𝐼𝐴 and systematic risk in Columns (6)-(10). The results show that the LIQ systematic risk is 

positively related to 𝐶𝐶𝑃𝐼𝐴. Finally, in Panel B (Table 7), we sort the stocks in our sample into 

four quantiles at the end of the previous quarter based on 𝐶𝑃𝐼𝐴  (𝐶𝐶𝑃𝐼𝐴 ) and calculate the 

portfolio systematic risk. Columns (1) to (5) ((6) to (10)) report the results when we sort the stocks 
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by 𝐶𝑃𝐼𝐴  (𝐶𝐶𝑃𝐼𝐴 ). We find lower MKT, SMB and HML systematic risks but higher UMD 

systematic risk, as 𝐶𝑃𝐼𝐴 rises. We find lower MKT, SMB and higher UMD systematic risks in the 

higher 𝐶𝐶𝑃𝐼𝐴 portfolio. Our results imply that 𝐶𝑃𝐼𝐴 and/or 𝐶𝐶𝑃𝐼𝐴 significantly increase loadings 

of a stock on the momentum factor. They document that investors tend to herd their trades with 

the CNSSF. As a comparison, the decrease in loadings on market, size and value factors may be 

attributed to more firm-specific information being incorporated into stock prices. This result is 

consistent with our expectations. 

INSERT TABLE 8 

 

6. Policy information advantage and long-term firm value 

In this section we discuss the relation between 𝐶𝑃𝐼𝐴 and long-term firm performance. As 

alternative dependent variables, we calculate the yearly change in the return on assets, sales 

growth, quick ratio, debt to asset ratio and Tobin’s Q over the following one to three years. Using 

each of these alternatives in turn, we model the firm long-term operating performance on the 

𝐶𝑃𝐼𝐴: 

 

𝑅𝑂𝐴𝑖,𝑡+𝑘 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝐴𝑔𝑒𝑖,𝑡 + 𝛾3𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾4𝑂𝐹𝑖,𝑡 + 𝛾5𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡 (18) 

 

𝑆𝐺𝑖,𝑡+𝑘 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝐴𝑔𝑒𝑖,𝑡 + 𝛾3𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾4𝑂𝐹𝑖,𝑡 + 𝛾5𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡 (19) 

𝑄𝑅𝑖,𝑡+𝑘 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝐴𝑔𝑒𝑖,𝑡 + 𝛾3𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾4𝑂𝐹𝑖,𝑡 + 𝛾5𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡 (20) 

𝐷𝑡𝑜𝐴𝑖,𝑡+𝑘 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝐴𝑔𝑒𝑖,𝑡 + 𝛾3𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾4𝑂𝐹𝑖,𝑡 + 𝛾5𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡 (21) 

𝑇𝑄𝑖,𝑡+𝑘 = 𝛼0 + 𝛾1𝐶𝑃𝐼𝐴𝑖,𝑡 + 𝛾2𝐴𝑔𝑒𝑖,𝑡 + 𝛾3𝑄𝐹𝐼𝐼𝑖,𝑡 + 𝛾4𝑂𝐹𝑖,𝑡 + 𝛾5𝑅𝑒𝑡𝑎𝑖𝑙𝑖,𝑡 + 휀𝑖,𝑡 (22) 

 

where, 𝐶𝑃𝐼𝐴𝑖,𝑡  is the average of quarterly CPIA within a given year 𝑡, 𝑅𝑂𝐴𝑖,𝑡  is the return on 

assets (i.e. net profit divided by the total assets), 𝑆𝐺𝑖,𝑡 is the sales percentage growth relative to the 

previous year, 𝑄𝑅𝑖,𝑡  is the quick ratio (i.e. cash and equivalents divided by current liabilities), 

𝐷𝑡𝑜𝐴𝑖,𝑡 is the debt to asset ratio (i.e. total liabilities divided by the total assets) and 𝑇𝑄𝑖,𝑡 is the 

Tobin’s Q (i.e. market value divided by the total assets).  
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Table 8 presents the results. First, from year one to three, we document that there is a 

significant negative relation between 𝐶𝑃𝐼𝐴 and ROA and Tobin’s Q. This result shows that the 

CNSSF’s political actions decrease long-term firm value, consistent with Bortolotti (2015). The 

results also support the political agenda hypothesis (PAH) and the passive investor hypothesis 

(PIH). Our conclusion is not consistent with the Superior monitoring hypothesis (SMH). However, 

the result is consistent with Berbsteing et al (2013) where state sponsored investors may 

implement a pro-cyclical trend strategy. This strategy means state sponsored investors prefer to 

invest in high performing firms but subsequently these firms will perform poorly. Second, we find 

the CNSSF actions also decreases the firm’s liquidity measured by the quick ratio, which is in 

contrast to the findings of Bortolotti (2015). Third, also different from Bortolotti (2015), we find a 

significant positive relation between 𝐶𝑃𝐼𝐴 and the debt to asset ratio. This relation is consistent 

with our intuition that where the CNSSF holds the firms’ stock, it will be helpful for the firm 

seeking to borrow from state-owned banks in China. 

INSERT TABLE 8 

 

7. Policy information spillover 

In this section, we examine the policy information spread between mutual funds in a given 

fund management company and the CNSSF. In the spirit of “word-of-mouth” effects (Ellison and 

Fudenberg, 1995; Hong et al., 2005), we expect that the mutual funds, in the information network 

of the CNSSF, will find it easier to capture the valuable policy information. The connection 

between a mutual fund and a CNSSF portfolio may positively affect the performance of a mutual 

fund in the next period (i.e. H2). In line with the work of Hong et al., (2005), Glode et al., (2012) 

and Kacperczyk (2014), we model the performance of mutual fund 𝑚 in period 𝑡, (𝐹𝑃𝑚,𝑡), as a 

function of the CNSSF information network: 

𝐹𝑃𝑚,𝑡+1 = 𝛼0 + 𝛿1 ∑ 𝑔𝑚,𝑐
𝐼𝑁

𝑐 + 𝛿2 ∑ 𝑔𝑚,𝑐
𝑂𝑈𝑇

𝑐 + 𝛿3𝐹𝑃𝑚,𝑡 + 𝛿4𝐹𝑢𝑛𝑑𝑠𝑖𝑧𝑒𝑚,𝑡 + 𝛿5𝐹𝑇𝑜𝑚,𝑡 +

𝛿6𝐹𝐴𝑔𝑒𝑚,𝑡 + +𝛿7𝐹𝐸𝑥𝑝𝑚,𝑡 + 𝛿8𝐹𝑢𝑛𝑑𝑓𝑙𝑜𝑤𝑚,𝑡 + 휀𝑖,𝑡                                  (23) 

where 𝐹𝑃𝑚,𝑡 is the mutual fund 𝑚 performance in quarter 𝑡, measured using  raw quarterly return, 

CAPM model alpha, Fama-French three factor model alpha, Carhart four factor model alpha and 
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LIQ five factor model alpha. 𝑔𝑚,𝑐  is the connection strength between a mutual fund 𝑚  and a 

CNSSF portfolio 𝑐, measured using four proxy variables: 𝑂𝑁𝑚𝑐  (equation (3)), 𝑂𝑊𝑚𝑐  (equation 

(4)), 𝑂𝑊𝐴𝑚𝑐 (equation (5)). 𝑔𝑚,𝑐
𝐼𝑁 =𝑔𝑚,𝑐 ∗ 𝐼𝑖𝑛. 𝐼𝑖𝑛 = 1, if a mutual fund 𝑚 and a CNSSF portfolio 𝑐 

are in the same fund company; otherwise 𝐼𝑖𝑛 = 0 and 𝑔𝑚,𝑐
𝑂𝑈𝑇=𝑔𝑚,𝑐 ∗ 𝐼𝑜𝑢𝑡. 𝐼𝑜𝑢𝑡 = 1, if a mutual fund 

𝑚  and a CNSSF portfolio 𝑐  are not in the same fund company; otherwise 𝐼𝑜𝑢𝑡 = 0.     

𝐹𝑢𝑛𝑑𝑠𝑖𝑧𝑒𝑚,𝑡  is the natural log of total net asset value of a mutual fund 𝑚 and 𝐹𝑇𝑜𝑚,𝑡  is the 

percentage turnover of the fund 𝑚 in quarter 𝑡, measured as the average of the bought stocks Yuan 

volume and the sold stocks Yuan volume divided by the fund size in the quarter 𝑡. 𝐹𝐴𝑔𝑒𝑚,𝑡 is the 

number of quarters since the fund 𝑚  establishment date (log transformed),  𝐹𝐸𝑥𝑝𝑚,𝑡  is the 

expenses of the fund 𝑚 divided by the fund size ( percentage) and 𝐹𝑢𝑛𝑑𝑓𝑙𝑜𝑤𝑚,𝑡 is the percentage 

change from quarter 𝑡 − 1 to 𝑡 in the fund 𝑚 total net assets minus the fund quarterly return. In the 

context of equation (23), H2.1 predicts that there is a positive relation between connection strength 

𝑔𝑚,𝑐
𝐼𝑁  and fund future performance, however, H2.2 predicts a negative relation between 𝑔𝑚,𝑐

𝑂𝑈𝑇 and 

fund performance. 

Table 9 reports the results of the regressions of fund performance on the connection 

strength to the CNSSF. Columns (1) to (4), (5)-(8) and (9)-(12) report the results where connection 

strength is measured by 𝑂𝑁𝑚𝑐 ,𝑂𝑊𝑚𝑐 and 𝑂𝑊𝐴𝑚𝑐, respectively. The results are similar. We find 

that after controlling lagged performance, as in Bollen and Busse (2005), there is a significant 

relation between the connection strength and mutual fund performance. This finding implies that 

the information network plays a significant role in the Chinese mutual fund industry. The 

information flows from the CNSSF to connected mutual funds can significantly affect the 

performance of these mutual funds. Our findings complement the studies of word-in-mouth effects 

(Hong et al., 2005). However, they ignore the effects of network structure. We divide the 

connections into inside connections (𝑔𝑚,𝑐
𝐼𝑁 ) and outside connections (𝑔𝑚,𝑐

𝑂𝑈𝑇). On one hand, we find 

there is a positive coefficient associated with the inside connections. This result is consistent with 

H2.1 and shows that the mutual funds, managed by the same fund companies as the CNSSF risk 

portfolios, can effectively capture the CNSSF’s political information. On the other hand, we 

document a negative relation between fund abnormal returns (except CAPM alphas) and outside 
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connection strength. This is also consistent with H2.2. Hence, even though these funds’ portfolios 

overlap with the CNSSF, they are unable to take advantage of any information flow. We provide 

empirical findings supporting the theoretical work of Stein (2008). The useful information is only 

effective when clustering around the small network. If information spreads far from the center it 

will not work and even worse, as we find, can have adverse impacts. We also document that fund 

turnover, and expenses erode the future performance of mutual funds. This is consistent with the 

findings of Chen et al., (2004). Fund flows can positively affect mutual funds’ performance. 

INSERT TABLE 9 

 

8. Conclusion 

The purpose of this paper is to analyze the existence and impact of the policy information 

advantage, held by a government-backed institutional investor, on firm performance. The Chinese 

National Social Security fund (CNSSF) is used as our “laboratory” – wherein the CNSSF 

represents a major state sponsoring institutional investor in China with dual roles and a deep 

information network. With regard to the political information advantage of the CNSSF, we 

identify a network of domestic mutual funds associated with the CNSSF. The portfolio differences 

between the portfolio holdings of network funds and the CNSSF are analyzed to identify the 

policy information advantage. Our work directly accommodates three contradictory hypotheses on 

state-sponsored investors affecting targeted firm values: superior monitoring hypothesis, political 

agenda hypothesis and passive investor hypothesis. 

Consistent with superior monitoring hypothesis we find, in the short term, a positive relation 

between political information advantage and abnormal stock returns. In addition, the CNSSF 

positively promotes the inside information absorbed into asset prices. The political information 

advantage also significantly affects systematic risk. However, in the long term, political 

information advantage is negatively related to firm operating performance. Political information 

advantage decreases the targeted firms’ return on performance, sales growth, Tobin’s Q and quick 

ratio; however, increases the debt to asset ratio. These findings support the political agenda 

hypothesis and passive investor hypothesis. 

We look deep into the network in which the CNSSF is the center. Our analysis shows that the 
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policy information advantage crosses the information network in the Chinese mutual fund industry 

and significantly affects mutual fund performance. The political information advantage positively 

affects the connected mutual funds that are managed by the fund companies that also manage the 

CNSSF portfolios. In contrast, the political information advantage negatively impacts the mutual 

funds not directly connected with the CNSSF. 
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Figure 1. Descriptive Statistics of 𝑪𝑷𝑰𝑨 time series 

This figure depicts the quarterly average 𝐶𝑃𝐼𝐴 in the Chinese stock markets and the Shanghai and Shenzhen 300 

Index time series from Q2 2005 to Q2 2014. We calculate the standard deviation between the holding weights of 

the CNSSF portfolios and the mutual fund companies on a given stock. 𝐶𝑃𝐼𝐴𝑖,𝑡 = √
1

𝑁−1
∑ (𝜔𝑖,𝑡

𝑐 − 𝜔𝑖,𝑡
𝑓𝑐 )2𝐶

𝑐=1 . 

Where 𝜔𝑖,𝑡
𝑐  is the stock 𝑖 weight in the CNSSF portfolio 𝑐 investment universe. 𝜔𝑖,𝑡

𝑓𝑐  is the stock 𝑖 weight in the 

fund company level where the CNSSF 𝑐 lives in. The holding weights are calculated by 𝜔𝑖,𝑡 =
𝑆𝑖,𝑡𝑃𝑖,𝑡

∑ 𝑆𝑗,𝑡𝑃𝑗,𝑡𝑗
. Where, 

𝑃𝑘,𝑡 is the stock 𝑘’s closed price at time 𝑡. 𝑆𝑘,𝑡 is the stock holdings in number of shares. Market level 𝐶𝑃𝐼𝐴 is the 

average of 𝐶𝑃𝐼𝐴𝑖,𝑡 across stocks. The left Y-axis is for index and right Y-axis is for 𝐶𝑃𝐼𝐴 (in percentage). 
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Table 1. Statistics on yearly 𝑪𝑷𝑰𝑨 

This table reports the stock level 𝐶𝑃𝐼𝐴 in the Chinese stock markets 2004 to 2014. We calculate the standard 

deviation between the holding weights of the CNSSF portfolios and the mutual fund companies on a given stock. 

𝐶𝑃𝐼𝐴𝑖,𝑡 = √
1

𝑁−1
∑ (𝜔𝑖,𝑡

𝑐 − 𝜔𝑖,𝑡
𝑓𝑐 )2𝐶

𝑐=1 . Where 𝜔𝑖,𝑡
𝑐  is the stock 𝑖  weight in the CNSSF portfolio 𝑐  investment 

universe. 𝜔𝑖,𝑡
𝑓𝑐  is the stock 𝑖 weight in the fund company level where the CNSSF 𝑐 lives in. The holding weights 

are calculated by 𝜔𝑖,𝑡 =
𝑆𝑖,𝑡𝑃𝑖,𝑡

∑ 𝑆𝑗,𝑡𝑃𝑗,𝑡𝑗
. Where, 𝑃𝑘,𝑡 is the stock 𝑘’s closed price at time 𝑡. 𝑆𝑘,𝑡 is the stock holdings in 

number of shares. 𝑁 is the number of stocks held across all the CNSSF portfolios in a given quarter 𝑡 Market 

level 𝐶𝑃𝐼𝐴 is the average of 𝐶𝑃𝐼𝐴𝑖,𝑡 across stocks. 

Year N Mean Std Min Max 

2004 22 44.992 39.104 3.635 141.421 

2005 255 8.268 11.764 0.224 100.000 

2006 345 3.996 3.799 0.019 22.909 

2007 281 7.020 9.708 0.089 79.924 

2008 190 10.969 13.477 0.178 94.608 

2009 281 7.997 9.131 0.062 107.148 

2010 405 5.265 8.489 0.008 103.663 

2011 341 8.285 14.960 0.066 103.955 

2012 394 7.389 10.879 0.081 100.979 

2013 552 4.794 5.275 0.093 41.355 

2014 400 4.700 4.348 0.026 24.573 
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Table 2. The CNSSF basic information 

This table introduces the basic information of 18 CNSSF portfolios in our sample. Column 1 is the portfolio ID. 

Column 2 is the unique stocks traded by each portfolio. Column 3 is the fund management company. Column 4 is 

the CNSSF portfolio starting investment date in our sample. 

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

CNSSF Portfolio Number of stock holdings Fund Management Company First Date 

No. 101 172 China Southern Asset Management Co., Ltd. Q3 2004 

No. 102 185 Bosera Asset Management Co., Ltd. Q3 2004 

No. 103 133 Bosera Asset Management Co., Ltd. Q3 2004 

No. 104 225 Penghua Fund Management Co., Ltd. Q3 2004 

No. 105 135 Changsheng Fund Management Co.,Ltd. Q3 2005 

No. 106 279 Harvest fund management Co.,Ltd. Q3 2004 

No. 107 232 China Asset Management Co., Ltd. Q3 2004 

No. 108 220 Harvest fund management Co.,Ltd. Q3 2004 

No. 109 260 E Fund Management Co., ltd Q2 2005 

No. 110 280 China Merchants Fund Management Co., Ltd. Q1 2005 

No. 111 142 Guotai Fund Management Co., Ltd. Q2 2005 

No. 112 96 China International Capital Co., Ltd Q2 2005 

No. 113 21 Dacheng Fund Management Co., Ltd. Q4 2011 

No. 114 132 Penghua Fund Management Co., Ltd. Q2 2011 

No. 115 69 GF Fund Management Co., Ltd. Q3 2011 

No. 116 74 HFT Fund Management Co., Ltd. Q4 2011 

No. 117 41 China Universal Fund Management Co., Ltd. Q4 2011 

No.118 87 Yinhua Fund Management Co., Ltd. Q2 2011 
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Table 3. Comparisons of investment preferences between the CNSSF and Fund 

Management Companies 

This table presents the difference in investment preference between the CNSSF and mutual fund management 

companies. We pool quarter (yearly) data to compare stock characteristics (long-term operation performance). 

We use model adjusted alpha, synchronicity, and beta depict stock short term performance, stock relation with the 

market trend, and systematic risk. Size is quarterly market value. BtM is the book value in the end of previous 

quarter divided by quarterly market value. Turnover is the quarterly turnover rate. Age is the number of quarters 

of a stock since the listed date. Stakes is the shares held by the CNSSF or equity mutual funds divided by total 

outstanding shares in a quarter. QFII is the shares of a stock held by QFII (Qualified Foreign Institutional 

Investors) divided by total outstanding shares in a quarter. OF is the shares of a stock held by other institution 

investors, mainly including future firm, insurance firm, bank, security firm, divided by total outstanding shares in 

a quarter. Retail is shares of a stock held by retail investors divided by total outstanding shares in a quarter. The 

proxy variables for long term firm value are ROA, SG, QR, DtoA and TQ. ROA is the return on the assets. SG is 

the percentage sales growth relative to the previous sales. QR is the quick ratio that is cash and equivalents 

divided by current liabilities. DtoA is the total debt to total assets ratio. TQ is the Tobin’s Q that is market valued 

divided by total assets. *** , ** , *Statistical significance at 1%, 5%, 10%, respectively. 

 

 

CNSSF 
 

Fund Families 
 

Difference in Means 

  Mean Mean Difference T-Value 

Panel A. Stock Characteristics 

Stakes (%)   2.232   0.789   1.443 92.373*** 

Size (billion Yuan)   9.077   26.962   -17.885 -22.484*** 

BtM    0.832   0.914   -0.082 -2.597*** 

Turnover (%)   123.706   104.653   19.054 16.846*** 

Age (Quarters)   33.878   35.162   -1.284 -5.227*** 

QFII (%)   0.472   0.528   -0.056 -2.745*** 

OF (%)   1.705   1.807   -0.102 -1.857* 

Retail (%)   2.440   2.574   -0.133 -1.719* 

Panel B. Stock Alphas 

CAPM Alpha   0.098   0.216   -0.118 -6.600*** 

Fama-French Alpha   -0.016   0.165   -0.181 -5.591*** 

Carhart Alpha   -0.010   0.185   -0.195 -5.608*** 

LIQ Alpha   -0.015   0.155   -0.170 -3.528*** 

Panel C. Stock Synchronicity 

CAPM    -0.975   -0.923   -0.052 -3.514*** 

Fama-French   -0.380   -0.323   -0.056 -5.195*** 

Carhart    -0.302   -0.230   -0.072 -6.886*** 

LIQ    -0.218   -0.135   -0.083 -7.859*** 

Panel D. Stock Systematic Risk 

MKT   0.961   0.905   0.056 2.841*** 

SMB   2.279   0.986   1.293 2.731*** 

HML   -0.440   -0.203   -0.237 -1.845* 

UMD   0.219   0.480   -0.261 -1.434 

LIQ   -0.154   0.221   -0.375 -0.904 

Panel E. Long-term Operation Performance 

ROA (%)   6.383   7.030   -0.646 -4.967*** 

SG (%)   27.186   1342.581   -1315.396 -0.585 

QR (%)   77.777   74.384   3.393 0.849 

DtoA (%)   46.105   47.933   -1.827 -4.195*** 

TQ (%)   125.630   136.697   -11.067 -4.008*** 
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Table 4. Comparisons in connected strength 

This table presents comparisons in connected strength across fund-quarters. We classify mutual funds as inside or 

outside connected funds. An inside connected fund is a mutual fund that belongs to the fund management 

company that also manages the CNSSF portfolios and invests in stocks that are included in the CNSSF portfolio. 

An outside connected fund is a mutual fund that belongs to a fund management company with no direct link to 

the CNSSF but invests in stocks that are included in the CNSSF portfolio. In order to measure the connection 

strength between the CNSSF and mutual funds, we use overlapping number of holding stocks (𝑂𝑁), sum of 

overlapping weights (𝑂𝑊), sum of average of overlapping weights (𝑂𝑊𝐴) as proxy variables. We use four 

variables to measure the fund quarterly performance. These are the CAPM model alpha, Fama-French three 

factor model alpha, Carhart four factor model alpha and LIQ five factor model alpha. FSize is the total net asset 

value. FTo is the the average of the bought stocks Yuan volume and the sold stocks Yuan volume divided by the 

fund size. Age is the the number of quarters since the fund establishment. Expense is the expenses of the fund 

divided by the fund size. Fund flow is the percentage change in the fund total net assets minus the fund quarterly 

return. *** Statistical significance at 1%. ** Statistical significance at 5%. * Statistical significance at 10%. 

 

 

 

Inside-connected funds 

 

Outside-connected funds 

 

Difference in means 

  Mean Mean Mean T-Value 

Panel A. Connected Strength 

𝑂𝑁   12.386   32.369   -19.983 -44.197*** 

𝑂𝑊   11.356   27.548   -16.192 -38.936*** 

𝑂𝑊𝐴   24.815   68.772   -43.957 -35.723*** 

Panel B. Fund Performance 

CAPM Alpha   0.105   0.045   0.060 7.258*** 

Fama-French Alpha   0.080   0.012   0.068 8.129*** 

Carhart Alpha   0.087   0.016   0.072 8.393*** 

LIQ Alpha   0.089   0.016   0.073 9.465*** 

Panel C. Fund Characteristics 

Fundsize (Billion Yuan)   4.783   3.147   1.636 12.925*** 

FTo (%)   87.543   113.790   -26.247 -9.419*** 

FAge (Quarters)   2.781   2.428   0.353 16.635*** 

FExp (%)   0.973   1.072   -0.099 -5.897*** 

Fundflow (%)   38.926   45.598   -6.672 -0.324 
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Table 5. 𝑪𝑷𝑰𝑨 and performance 

This table presents the regression results of stock return and 𝐶𝑃𝐼𝐴. 𝐶𝑃𝐼𝐴 is the sum of the deviations of all the 

CNSSF portfolios holding weights on a stock and the corresponding fund management companies. 𝐶𝐶𝑃𝐼𝐴 is the 

quarterly change in 𝐶𝑃𝐼𝐴. We use CAPM alpha, CAPM alpha, Fama-French alpha, Carhart alpha and LIQ alpha 

to measure the stock return. We also select some firm characteristics as control variables. Size is the log of 

quarterly market value of a stock. BtM is the book value in the end of previous quarter divided by quarterly 

market value. Turnover is a stock quarterly turnover rate. Age is the log of number of quarters of a stock since the 

listed date. QFII is the shares of a stock held by QFII (Qualified Foreign Institutional Investors) divided by total 

outstanding shares in a quarter. OF is the shares of a stock held by other institution investors, mainly including 

future firm, insurance firm, bank, security firm, divided by total outstanding shares in a quarter. Retail is shares 

of a stock held by retail investors divided by total outstanding shares in a quarter. Panel A reports the results of 

regressions of stock return and 𝐶𝑃𝐼𝐴  and 𝐶𝐶𝑃𝐼𝐴. Panel B sorts the 𝐶𝑃𝐼𝐴  to four quantiles to compare the 

portfolio performance. Panel C extends the prediction period. *** Statistical significance at 1%. ** Statistical 

significance at 5%. * Statistical significance at 10%. 

Panel A. Regressions of stock performance and 𝑪𝑷𝑰𝑨 

 

  𝐶𝑃𝐼𝐴  𝐶𝐶𝑃𝐼𝐴 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Alphas:  CAPM FF Carhart LIQ  CAPM FF Carhart LIQ 

CPIA/CCPIA  0.003* 0.006* 0.007** 0.009**  0.036*** 0.032*** 0.033*** 0.033*** 

   (1.860) (1.794) (1.971) (2.463)  (7.195) (6.442) (6.655) (6.692) 

Alpha_lag  -0.001 -0.004** -0.003* -0.004*  -0.03*** -0.026*** -0.024*** -0.024*** 

   (-0.470) (-2.176) (-1.767) (-1.841)  (-4.988) (-4.566) (-4.369) (-4.447) 

Size  -0.042 0.034 0.017 0.038  -1.34*** -1.004*** -1.077*** -1.020*** 

   (-1.170) (1.017) (0.510) (1.105)  (-12.34) (-9.177) (-9.749) (-9.281) 

BtM  -0.07*** -0.01 -0.003 -0.003  -0.022 -0.163* -0.196** -0.158* 

   (-3.074) (-0.328) (-0.132) (-0.153)  (-0.236) (-1.800) (-2.159) (-1.755) 

Turnover  -0.001* -0.002*** -0.002*** -0.002***  -0.003*** -0.002*** -0.002*** -0.002*** 

   (-1.770) (-6.062) (-6.021) (-6.066)  (-4.357) (-3.266) (-3.277) (-3.071) 

Age  -0.15*** -0.08** -0.08* -0.10**  0.406** 0.052 0.015 0.035 

   (-3.265) (-1.971) (-1.754) (-2.239)  (2.235) (0.296) (0.085) (0.199) 

QFII  -0.036 0.016 0.025 0.020  0.015 0.023 0.037 0.041 

   (-1.401) (0.649) (1.005) (0.824)  (0.446) (0.682) (1.115) (1.224) 

OF  -0.011 -0.002 -0.003 -0.006  -0.009 0.002 0.002 -0.002 

   (-1.550) (-0.338) (-0.454) (-0.929)  (-0.605) (0.109) (0.169) (-0.152) 

Retail  0.037*** 0.004 0.003 0.006  0.029*** 0.016** 0.017** 0.016** 

   (7.328) (0.880) (0.632) (1.229)  (3.720) (2.144) (2.175) (2.119) 

Constant  1.69*** -0.17 0.05 -0.17  18.49*** 14.50*** 15.42*** 14.65*** 

   (3.705) (-0.389) (0.102) (-0.398)  (8.921) (7.226) (7.607) (7.253) 

Obs.  7,280 7,280 7,280 7,280  5,969 5,969 5,969 5,969 

R2  0.014 0.008 0.007 0.009  0.281 0.224 0.231 0.229 

Firm FE  Yes Yes Yes Yes  Yes Yes Yes Yes 

Year FE  Yes Yes Yes Yes  Yes Yes Yes Yes 

F-value  11.17 6.560 6.055 7.025  1.802 1.836 1.391 1.372 
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Panel B. 𝑪𝑷𝑰𝑨, 𝑪𝑪𝑷𝑰𝑨 and portfolio performance 

In this panel, we report results of the portfolio setting. At the beginning of a quarter, we sort all the stocks into 

four quantiles based on the 𝐶𝑃𝐼𝐴 or 𝐶𝐶𝑃𝐼𝐴 values. Then, we calculate the weighted average of the quarterly 

performance of four portfolios from CAPM, Fama-French, Carhart and LIQ models respectively. Weight is stock 

size at the beginning of this quarter. 

 

 𝐶𝑃𝐼𝐴  𝐶𝐶𝑃𝐼𝐴 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Alphas:  CAPM FF Carhart LIQ  CAPM FF Carhart LIQ 

Low  0.048 -0.053 -0.053 -0.065  -0.030 -0.080*** -0.075*** -0.075*** 

 

 (0.74) (-0.82) (-0.81) (-1.00)  (-1.68) (-6.78) (-5.99) (-6.07) 

2  0.111*** 0.048** 0.056** 0.053**  0.048* -0.010 -0.007 -0.021 

 

 (4.67) (2.07) (2.28) (2.29)  (1.86) (-0.61) (-0.42) (-1.44) 

3  0.105*** 0.047*** 0.056*** 0.052***  0.139** 0.038 0.045 0.040 

 

 (5.95) (2.85) (3.02) (2.76)  (2.35) (0.59) (0.69) (0.61) 

High  0.129*** 0.065*** 0.074*** 0.072***  0.232*** 0.156*** 0.167*** 0.164*** 

 

 (6.99) (4.94) (5.51) (6.02)  (7.66) (5.86) (5.98) (5.87) 

H-L  0.081** 0.118* 0.126* 0.137**  0.261*** 0.236*** 0.242*** 0.239*** 

 

 (2.19) (1.79) (1.90) (2.06)  (7.46) (8.11) (7.92) (7.83) 
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Panel C. Regressions of stock multi-period return on 𝑪𝑷𝑰𝑨 and 𝑪𝑪𝑷𝑰𝑨 

    

  

𝐶𝑃𝐼𝐴   

  

𝐶𝐶𝑃𝐼𝐴 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Periods   T+2 T+3 T+8 T+12   T+2 T+3 T+8 T+12 

    Dependent Variable: LIQ five factor model Alphas 

𝐶𝑃𝐼𝐴/𝐶𝐶𝑃𝐼𝐴   0.010*** 0.006* -0.003 -0.001   0.084* -0.028 -0.004 0.073 

    (2.79) (1.69) (-0.86) (-0.13)   (1.67) (-0.56) (-0.07) (1.20) 

Alpha_lag   -0.007 -0.009 -0.026* -0.06***   -0.133*** -0.156*** -0.136*** -0.123*** 

    (-0.55) (-0.70) (-1.93) (-3.65)   (-9.47) (-10.73) (-8.38) (-6.46) 

Size   0.08** 0.03 0.05 -0.02   -16.04*** -14.99*** -17.12*** -16.03*** 

    (2.23) (0.82) (1.10) (-0.50)   (-13.01) (-11.90) (-10.23) (-7.99) 

BtM   0.016 -0.021 0.012 0.007   -3.905*** -3.740*** -6.935*** -6.568** 

    (0.36) (-0.45) (0.18) (0.09)   (-3.09) (-2.97) (-3.25) (-2.42) 

Turnover   -0.002
***

 -0.002
***

 -0.001
***

 -0.002
***

   -0.026
***

 -0.029
***

 -0.025
***

 -0.015 

    (-5.36) (-5.83) (-3.26) (-3.19)   (-3.74) (-4.22) (-3.13) (-1.60) 

Age   -0.036 -0.002 0.118* 0.125   10.04*** 6.508** 7.916 3.869 

    (-0.77) (-0.04) (1.70) (1.43)   (3.87) (2.13) (1.38) (0.46) 

QFII   -0.001 0.049** 0.09*** 0.055   0.009 0.213 0.313 0.633 

    (-0.06) (1.99) (3.02) (1.49)   (0.03) (0.60) (0.59) (0.91) 

OF   -0.009 0.003 -0.009 0.018   0.001 0.026 -0.075 0.064 

    (-1.39) (0.42) (-0.99) (1.34)   (0.01) (0.18) (-0.43) (0.21) 

Retail   0.003 0.002 0.007 0.003   0.213*** 0.172** 0.248*** -0.031 

    (0.55) (0.47) (1.33) (0.57)   (2.73) (2.19) (2.79) (-0.16) 

Constant   -1.01** -0.39 -1.04* -0.14   203.4*** 193.8*** 196.2*** 234.5*** 

    (-2.17) (-0.80) (-1.72) (-0.19)   (9.24) (8.46) (5.75) (4.90) 

Obs.   6,945 6,615 5,106 4,227   5,657 5,374 4,078 3,307 

R2   0.009 0.008 0.007 0.008   0.278 0.270 0.276 0.271 

Firm FE   Yes Yes Yes Yes   Yes Yes Yes Yes 

Year FE   Yes Yes Yes Yes   Yes Yes Yes Yes 

F-value   7.180 6.123 4.033 3.675   1.767 1.658 1.612 1.413 
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Table 6. 𝑪𝑷𝑰𝑨, 𝑪𝑪𝑷𝑰𝑨 and stock synchronicity 

This table presents the regression results of  𝐶𝑃𝐼𝐴, 𝐶𝐶𝑃𝐼𝐴 on stock synchronicity. The dependent variable is the 

synchronicity, alternatively, from CAPM model, Fama and French three factor model, Carhart four factor model 

and LIQ five factor model. We select some firm characteristics as control variables. Size is the log of quarterly 

market value of a stock. BtM is the book value in the end of previous quarter divided by quarterly market value. 

Turnover is a stock quarterly turnover rate. Age is the log of number of quarters of a stock since the listed date. 

QFII is the shares of a stock held by QFII (Qualified Foreign Institutional Investors) divided by total outstanding 

shares in a quarter. OF is the shares of a stock held by other institution investors, mainly including future firm, 

insurance firm, bank, security firm, divided by total outstanding shares in a quarter. Retail is shares of a stock 

held by retail investors divided by total outstanding shares in a quarter. Panel A reports the results of regressions 

of stock synchronicity and 𝐶𝑃𝐼𝐴 and 𝐶𝐶𝑃𝐼𝐴. Panel B sorts all the stocks in our sample to four quantiles by 𝐶𝑃𝐼𝐴 

(𝐶𝐶𝑃𝐼𝐴). *** Statistical significance at 1%. ** Statistical significance at 5%. * Statistical significance at 10%. 

Panel A. 𝐶𝑃𝐼𝐴, 𝐶𝑃𝐼𝐴 and stock synchronicity 

 

  

𝐶𝑃𝐼𝐴 

  

𝐶𝐶𝑃𝐼𝐴 

  (1) (2) (3) (4) (5) (6) (7) (8) 

   CAPM FF Carhart LIQ   CAPM FF Carhart LIQ 

CPIA/CCPIA   -0.106** -0.061* -0.056* -0.056*   -0.004*** -0.003** -0.003*** -0.003** 

    (-2.268) (-1.719) (-1.654) (-1.748)   (-2.634) (-2.547) (-2.801) (-2.568) 

Syn_lag   0.145*** 0.151*** 0.152*** 0.158***   0.051*** 0.050*** 0.053*** 0.056*** 

    (11.594) (11.925) (12.049) (12.559)   (3.846) (3.607) (3.860) (4.081) 

Size   0.265*** 0.226*** 0.216*** 0.206***   0.055 0.075*** 0.070** 0.072*** 

    (9.777) (11.100) (11.112) (11.093)   (1.479) (2.621) (2.548) (2.742) 

BtM   -0.001 -0.023 -0.021 -0.028   0.046 0.034 0.033 0.025 

    (-0.047) (-1.123) (-1.074) (-1.490)   (1.526) (1.481) (1.498) (1.194) 

Turnover   0.001*** 0.001*** 0.001*** 0.001***   0.001*** 0.001*** 0.001*** 0.001*** 

    (5.424) (7.638) (7.700) (7.888)   (4.636) (4.779) (4.958) (5.234) 

Age   -0.338*** -0.191*** -0.184*** -0.180***   0.038 0.102** 0.095** 0.087** 

    (-7.055) (-5.300) (-5.363) (-5.479)   (0.646) (2.218) (2.173) (2.059) 

QFII   0.002 -0.004 -0.003 -0.001   0.019* 0.016* 0.018** 0.018** 

    (0.136) (-0.498) (-0.422) (-0.150)   (1.671) (1.857) (2.156) (2.316) 

OF   0.010** 0.007** 0.006** 0.007**   0.009* 0.004 0.003 0.004 

    (2.203) (2.108) (2.046) (2.214)   (1.837) (0.991) (0.947) (1.081) 

Retail   -0.001 -0.000 -0.000 -0.000   -0.000 -0.000 -0.000 -0.000 

    (-0.542) (-0.130) (-0.254) (-0.139)   (-0.036) (-0.068) (-0.060) (-0.067) 

                      

Constant   -3.223*** -2.688*** -2.510*** -2.322***   -0.794 -0.784 -0.525 -0.499 

    (-10.385) (-11.504) (-11.283) (-10.909)   (-1.169) (-1.493) (-1.047) (-1.035) 

Obs.   7,280 7,280 7,280 7,280   5,969 5,969 5,969 5,969 

R2   0.046 0.062 0.062 0.065   0.476 0.434 0.440 0.441 

Firm FE   YES YES YES YES   Yes Yes Yes Yes 

Year FE   YES YES YES YES   Yes Yes Yes Yes 

F-value   31.82 43.54 43.62 46.15   4.197 3.539 3.635 3.648 
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Panel B. 𝐶𝑃𝐼𝐴, 𝐶𝐶𝑃𝐼𝐴 and portfolio synchronicity. 

 

 𝐶𝑃𝐼𝐴  𝐶𝐶𝑃𝐼𝐴 

  (1) (2) (3) (4) (5) (6) (7) (8) 

  CAPM FF Carhart LIQ  CAPM FF Carhart LIQ 

Low  -0.78*** -0.16* -0.09 -0.012  -0.68*** -0.19** -0.11 -0.042 

 

 (-7.56) (-1.86) (-1.10) (-0.16)  (-6.99) (-2.39) (-1.52) (-0.58) 

2  -0.79*** -0.26*** -0.19** -0.107  -0.72*** -0.20** -0.13* -0.054 

 

 (-8.25) (-3.41) (-2.55) (-1.53)  (-7.83) (-2.48) (-1.69) (-0.73) 

3  -0.80*** -0.31*** -0.23*** -0.16**  -0.89*** -0.31*** -0.23*** -0.154** 

 

 (-8.33) (-4.10) (-3.26) (-2.26)  (-8.77) (-4.17) (-3.30) (-2.27) 

High  -0.86*** -0.37*** -0.28*** -0.20***  -0.94*** -0.40*** -0.31*** -0.223*** 

 

 (-9.50) (-5.47) (-4.35) (-3.17)  (-9.50) (-5.58) (-4.58) (-3.40) 

H-L  -0.080 -0.215* -0.193* -0.186*  -0.264* -0.216** -0.198* -0.181* 

 

 (-0.58) (-1.98) (-1.88) (-1.89)  (-1.90) (-2.04) (-1.96) (-1.87) 
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Table 7. 𝑪𝑷𝑰𝑨, 𝑪𝑪𝑷𝑰𝑨 and stock systematic risk 

This table presents the results of regressions of systematic risk on 𝐶𝑃𝐼𝐴 or 𝐶𝐶𝑃𝐼𝐴. The betas (MKT, SMB, 

HML, UMD and LIQ) are from LIQ five factor models. We include a range of firm characteristics as control 

variables. Size is the log of quarterly market value of a stock. BtM is the book value in the end of previous 

quarter divided by quarterly market value. Turnover is a stock quarterly turnover rate. Age is the log of number 

of quarters of a stock since the listed date. QFII is the shares of a stock held by QFII (Qualified Foreign 

Institutional Investors) divided by total outstanding shares in a quarter. OF is the shares of a stock held by other 

institution investors, mainly including future firm, insurance firm, bank, security firm, divided by total 

outstanding shares in a quarter. Retail is shares of a stock held by retail investors divided by total outstanding 

shares in a quarter. Panel A reports the results of regressions of stock systematic risk and 𝐶𝑃𝐼𝐴 and 𝐶𝐶𝑃𝐼𝐴. Panel 

B sorts all the stocks in our sample to four quantiles by 𝐶𝑃𝐼𝐴 (𝐶𝐶𝑃𝐼𝐴). *** Statistical significance at 1%. ** 

Statistical significance at 5%. * Statistical significance at 10%. 

Panel A. 𝐶𝑃𝐼𝐴, 𝐶𝐶𝑃𝐼𝐴 and systematic risk 

 

 
𝐶𝑃𝐼𝐴 

 
𝐶𝐶𝑃𝐼𝐴 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Betas 
 

MKT SMB HML UMD LIQ 
 

MKT SMB HML UMD LIQ 

𝐶𝑃𝐼𝐴/𝐶𝐶𝑃𝐼𝐴 
 

-0.001 0.01 -0.01
**

 0.01
**

 -0.01
**

 
 

-0.001 -0.003 -0.004 -0.001 0.01
*
 

 

 
(-0.42) (1.24) (-2.08) (2.3) (-2.5) 

 
(-1.10) (-0.40) (-0.93) (-0.2) (1.80) 

Beta_lag 
 

0.002 -0.01
*
 -0.01 -0.02

*
 -0.01 

 
0.07

***
 0.03

***
 0.11

***
 0.1

***
 0.02

***
 

 

 
(0.33) (-1.77) (-0.99) (-1.7) (-1.0) 

 
(10.71) (5.45) (10.5) (5.36) (4.36) 

Size 
 

-0.1
***

 -0.3
***

 -0.10
*
 -0.03 -0.3

***
 

 
-0.01

**
 -0.4

***
 0.08

**
 -0.001 -0.29

***
 

 

 
(-5.79) (-2.87) (-1.68) (-0.5) (-4.3) 

 
(-2.19) (-7.76) (2.55) (-0.04) (-7.36) 

BtM 
 

-0.003 -0.13 0.11
*
 -0.04 -0.05 

 
0.04

***
 -0.5

***
 0.35

***
 -0.1

***
 0.17

***
 

 

 
(-0.34) (-1.21) (1.92) (-0.7) (-0.7) 

 
(6.80) (-7.36) (9.12) (-2.7) (3.33) 

Turnover 
 

0.001
***

 0.002
***

 0.001
***

 -0.001 -0.001 
 

0.001
***

 0.003
***

 0.001
***

 0.001 -0.001
***

 

 

 
(4.60) (2.72) (3.36) (-0.6) (-1.5) 

 
(10.50) (4.72) (3.65) (0.12) (-3.01) 

Age 
 

0.07
***

 -0.07 0.13 -0.6
***

 0.31
**

 
 

0.04
***

 -0.88
***

 0.14
***

 -0.2
***

 0.79
***

 

 

 
(4.11) (-0.34) (1.30) (-4.9) (2.35) 

 
(6.71) (-11.9) (3.46) (-5.4) (15.31) 

QFII 
 

0.01 0.04 0.02 0.05
*
 -0.04 

 
0.004 -0.03 0.02 0.1

***
 -0.008 

 

 
(1.32) (0.93) (0.63) (1.7) (-1.1) 

 
(1.17) (-0.75) (0.79) (3.25) (-0.28) 

OF 
 

0.001 -0.003 0.01 -0.01 0.01 
 

0.002
***

 -0.02
**

 0.01 -0.01 0.02
***

 

 

 
(0.66) (-0.17) (1.08) (-0.5) (0.79) 

 
(2.60) (-1.98) (1.03) (-1.4) (3.09) 

Retail 
 

0.002
**

 0.02 -0.01 0.001 -0.002 
 

-0.002
***

 0.05
***

 0.001 -0.002 -0.03
***

 

 

 
(2.00) (1.46) (-0.8) (0.2) (-0.3) 

 
(-2.9) (5.89) (0.22) (-0.4) (-5.33) 

Constant 
 

1.36
***

 6.04
***

 0.17 2.5
***

 3.2
***

 
 

0.76
***

 10.4
***

 -2.3
***

 1.1
**

 1.22
**

 

 

 
(13.0) (4.88) (0.26) (3.3) (3.75) 

 
(11.6) (13.8) (-5.7) (2.4) (2.33) 

Obs. 
 

7,280 7,280 7,280 7,280 7,280 
 

5,969 5,969 5,969 5,969 5,969 

R
2
 

 
0.013 0.006 0.006 0.010 0.005 

 
0.061 0.096 0.040 0.014 0.060 

Firm FE 
 

YES YES YES YES YES 
 

YES YES YES YES YES 

Year FE 
 

YES YES YES YES YES 
 

YES YES YES YES YES 

F-value 
 

8.738 4.229 4.332 6.986 3.616 
 

42.67 70.16 27.51 9.061 42.61 
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Panel B. 𝐶𝑃𝐼𝐴, 𝐶𝐶𝑃𝐼𝐴 and portfolio systematic risk 

 

  𝐶𝑃𝐼𝐴   𝐶𝐶𝑃𝐼𝐴 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Betas:  MKT SMB HML UMD LIQ  MKT SMB HML UMD LIQ 

Low  1.00*** 3.40*** -0.16 0.08 -0.38  0.98*** 2.94*** -0.25** 0.16 -0.39 

 

 (25.18) (6.90) (-1.42) (0.49) (-1.18)  (25.61) (8.12) (-2.09) (1.41) (-1.09) 

2  0.97*** 2.60*** -0.42*** 0.32*** -0.22  0.97*** 2.74*** -0.33*** 0.23** -0.23 

 

 (45.26) (7.59) (-4.25) (2.75) (-1.01)  (61.13) (6.18) (-3.28) (2.52) (-1.44) 

3  0.95*** 2.14*** -0.36*** 0.41*** -0.02  0.96*** 2.42*** -0.36*** 0.43*** -0.13 

 

 (56.45) (7.55) (-4.91) (3.41) (-0.12)  (48.99) (7.84) (-3.82) (2.84) (-0.67) 

High  0.92*** 1.54*** -0.42*** 0.52*** -0.09  0.93*** 1.50*** -0.42*** 0.51*** 0.06 

 

 (51.06) (5.23) (-4.01) (5.56) (-0.53)  (37.27) (5.62) (-4.90) (4.12) (0.44) 

H-L  -0.08* -1.87*** -0.26* 0.45** 0.29  -0.05** -1.44** -0.16 0.34*** 0.45 

 

 (-1.82) (-3.25) (-1.68) (2.51) (0.79)  (-2.18) (-2.27) (-0.44) (5.15) (0.80) 
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Table 8. 𝑪𝑷𝑰𝑨 and long-term operating performance 

This table presents the results of regressions of firm long term performance on 𝐶𝑃𝐼𝐴. 𝐶𝑃𝐼𝐴 is the average of quarterly 𝐶𝑃𝐼𝐴 within a year. The proxy variables for long term firm value are 

ROA, SG, QR, DtoA and TQ. ROA is the return on the assets. SG is the percentage sales growth relative to the previous sales. QR is the quick ratio that is cash and equivalents divided by 

current liabilities. DtoA is the total debt to toal assets ratio. TQ is the Tobin’s Q that is market valued divided by total assets. Age is the log of number of quarters of a stock since the listed date. 

QFII is the shares of a stock held by QFII (Qualified Foreign Institutional Investors) divided by total outstanding shares in a quarter. OF is the shares of a stock held by other institution 

investors, mainly including future firm, insurance firm, bank, security firm, divided by total outstanding shares in a quarter. Retail is shares of a stock held by retail investors divided by total 

outstanding shares in a quarter. *** Statistical significance at 1%. ** Statistical significance at 5%. * Statistical significance at 10%.  

    

  

Year 1   

  

Year 2   

  

Year 3 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) 

Var.   ROA SG QR DtoA TQ   ROA SG QR DtoA TQ 

 

ROA SG QR DtoA TQ 

CPIA   -0.025** -1.394*** -0.768** 0.037** -0.258   -0.040*** -1.594*** -0.880** 0.075*** 0.182   -0.062*** -0.911 -1.152** 0.132*** -0.934** 

    (-2.25) (-3.42) (-2.38) (2.03) (-1.08)   (-2.67) (-3.36) (-2.15) (2.89) (0.64)   (-3.69) (-0.41) (-2.35) (3.84) (-2.32) 

QFII   0.103* 3.085 3.324** -0.057 3.978***   0.092 3.052 4.610** -0.156 1.475   0.013 -2.965 5.551** -0.054 4.016** 

    (1.76) (1.45) (1.96) (-0.60) (3.16)   (1.20) (1.24) (2.17) (-1.16) (1.00)   (0.17) (-0.28) (2.34) (-0.32) (2.06) 

OF   0.004 0.218 0.510 -0.023 0.290   -0.000 0.162 0.339 0.005 0.707   0.008 1.683 0.563 -0.025 0.939 

    (0.23) (0.31) (0.93) (-0.73) (0.71)   (-0.01) (0.19) (0.45) (0.10) (1.37)   (0.26) (0.41) (0.62) (-0.40) (1.26) 

Retail   0.020 0.256 -1.630*** 0.013 -0.283   -0.031 -0.196 -2.984*** 0.071* -0.955**   0.011 1.395 -4.505*** 0.124** -1.296* 

    (1.41) (0.51) (-4.10) (0.59) (-0.96)   (-1.28) (-0.25) (-4.48) (1.68) (-2.07)   (0.36) (0.35) (-5.17) (2.03) (-1.81) 

Age   0.002* -0.08 0.37*** -0.0*** -0.16***   -0.001 -0.089 0.534*** -0.028*** -0.411***   0.001 -0.547* 0.546*** -0.030*** -0.400*** 

    (1.82) (-1.60) (9.95) (-9.12) (-5.59)   (-0.12) (-1.47) (10.37) (-8.71) (-11.53)   (0.54) (-1.91) (8.72) (-6.87) (-7.78) 

Cons.   -0.69** 13.42 -79.58*** 4.39*** 40.04***   -0.46 13.94 -108.9*** 6.44*** 94.07***   -1.05** 115.7* -110.27*** 6.59*** 98.20*** 

    (-2.31) (1.23) (-9.30) (9.08) (6.30)   (-1.07) (1.02) (-9.30) (8.71) (11.59)   (-2.11) (1.77) (-7.74) (6.57) (8.39) 

Obs.   2,755 2,755 2,761 2,761 2,761   2,219 2,219 2,225 2,225 2,225   1,861 1,861 1,867 1,867 1,867 

R2   0.004 0.006 0.053 0.033 0.016   0.004 0.007 0.070 0.042 0.058   0.008 0.003 0.071 0.038 0.038 

Firm FE   YES YES YES YES YES   YES YES YES YES YES   YES YES YES YES YES 

Year FE   YES YES YES YES YES   YES YES YES YES YES   YES YES YES YES YES 

F-value   2.332 3.504 30.73 18.99 8.814   1.997 3.026 33.56 19.64 27.56   2.814 0.969 28.27 14.71 14.79 
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Table 9. Information spillover 

This table presents the results of regressions of mutual fund performance on the connection strength to the CNSSF. We use four alternative variables to measure the fund quarterly performance. 

These are CAPM model alpha, Fama-French three factor model alpha, Carhart four factor model alpha and LIQ five factor model alpha. In order to measure the connection strength between the 

CNSSF and mutual funds, we use overlapping number of holding stocks (𝑂𝑁), sum of overlapping weights (𝑂𝑊), sum of average of overlapping weights (𝑂𝑊𝐴). We use subscript in or out to 

represent if the CNSSF or mutual funds are in the same fund company (𝑔𝐼𝑁) or not (𝑔𝑂𝑈𝑇). We also select the fund characteristic variables as control variables. Size is the log of total net asset 

value. Turnover is the the average of the bought stocks Yuan volume and the sold stocks Yuan volume divided by the fund size. Age is the log of the number of quarters since the fund 

establishment. Load is the expenses of the fund divided by the fund size. Expense is the expenses of the fund divided by the fund size. Fund flow is the percentage change in the fund total net 

assets minus the fund quarterly return. *** Statistical significance at 1%. ** Statistical significance at 5%. * Statistical significance at 10%.  

   

𝑂𝑁 

  

𝑂𝑊 

  

𝑂𝑊𝐴 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

Alphas CAPM FF Carhart LIQ 

 

CAPM FF Carhart LIQ 

 

CAPM FF Carhart LIQ 

𝑔𝐼𝑁 
 

0.005*** 0.005*** 0.005*** 0.005*** 

 

0.006*** 0.004*** 0.004*** 0.004*** 

 

0.003*** 0.001* 0.001** 0.002*** 

  

(3.505) (4.792) (4.391) (4.395) 

 

(4.046) (3.572) (3.240) (3.545) 

 

(3.288) (1.940) (2.084) (2.864) 

𝑔𝑂𝑈𝑇 0.004*** -0.001** -0.001*** -0.001** 

 

0.004*** -0.002*** -0.003*** -0.001*** 

 

0.000** -0.001*** -0.001*** -0.001*** 

  

(7.671) (-2.351) (-3.459) (-2.356) 

 

(7.088) (-5.394) (-5.996) (-2.943) 

 

(2.009) (-9.902) (-8.372) (-3.741) 

Alpha_lag 

 

0.117*** 0.097*** 0.099*** 0.058*** 

 

0.119*** 0.099*** 0.100*** 0.058*** 

 

0.125*** 0.111*** 0.107*** 0.060*** 

  

(12.812) (9.553) (10.069) (6.753) 

 

(13.025) (9.765) (10.239) (6.801) 

 

(13.785) (10.829) (10.854) (6.945) 

fundsize 

 

-0.072*** 0.003 0.014** 0.008 

 

-0.079*** -0.001 0.012** 0.009 

 

-0.092*** 0.007 0.020*** 0.012** 

  

(-9.728) (0.419) (2.252) (1.369) 

 

(-10.906) (-0.084) (2.026) (1.477) 

 

(-12.941) (1.172) (3.462) (2.117) 

FTo 

 

0.012*** -0.006*** -0.006*** -0.008*** 

 

0.012*** -0.006*** -0.006*** -0.008*** 

 

0.012*** -0.007*** -0.006*** -0.008*** 

  

(6.544) (-4.229) (-3.988) (-5.342) 

 

(6.606) (-4.174) (-3.958) (-5.355) 

 

(6.827) (-4.493) (-4.263) (-5.462) 

FAge 

 

-0.001 -0.003*** -0.004*** -0.003*** 

 

-0.001 -0.002** -0.004*** -0.003*** 

 

0.000 -0.003** -0.004*** -0.003*** 

  

(-0.982) (-2.786) (-3.960) (-3.156) 

 

(-1.002) (-2.112) (-3.372) (-2.989) 

 

(0.353) (-2.449) (-3.968) (-3.303) 

Fexp 

 

-0.035*** -0.006*** -0.006** -0.002 

 

-0.036*** -0.007*** -0.006** -0.003 

 

-0.037*** -0.006*** -0.005** -0.002 

  

(-12.524) (-2.652) (-2.372) (-1.072) 

 

(-12.620) (-2.855) (-2.527) (-1.090) 

 

(-13.100) (-2.635) (-2.238) (-0.986) 

Fundflow 

 

0.002* 0.004*** 0.005*** 0.004*** 

 

0.002* 0.004*** 0.005*** 0.004*** 

 

0.002* 0.004*** 0.005*** 0.004*** 

  

(1.647) (4.171) (4.865) (4.355) 

 

(1.670) (4.253) (4.929) (4.361) 

 

(1.845) (4.324) (4.930) (4.366) 

Constant 

 

0.119*** 0.003 -0.007 -0.006 

 

0.129*** 0.009 -0.003 -0.006 

 

0.150*** 0.004 -0.011 -0.010 

  

(12.633) (0.332) (-0.911) (-0.805) 

 

(14.271) (1.163) (-0.436) (-0.865) 

 

(17.254) (0.597) (-1.492) (-1.397) 

Obs. 7,547 7,547 7,547 7,547 

 

7,547 7,547 7,547 7,547 

 

7,547 7,547 7,547 7,547 

R2 

 

0.090 0.045 0.051 0.038 

 

0.090 0.046 0.053 0.038 

 

0.083 0.054 0.056 0.038 

Fund FE 

 

Yes Yes Yes Yes 

 

Yes Yes Yes Yes 

 

Yes Yes Yes Yes 

Year FE 

 

Yes Yes Yes Yes 

 

Yes Yes Yes Yes 

 

Yes Yes Yes Yes 

F-value   93.50 44.34 50.77 37.40   93.02 45.92 52.65 36.90   85.55 53.81 56.40 37.03 
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