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Abstract 

We analyze a comprehensive sample of U.S. firms over the 1990-2019 period, and show that firms 

held by more central institutional investors tend to engage less in accrual-based earnings 

management. This finding is robust to alternative network measures and earnings properties, and 

also extends to real earnings management. Our results suggest that institutional investors obtain 

an information advantage through networks formed by shareholdings in common firms, which 

increases their monitoring effectiveness. We show that the effect is causal by using plausibly 

exogenous variation in network centrality and monitoring intensity. The negative relation between 

shareholder centrality and earnings management is strongest for “suspect” firms and for 

institutions that have a comparative advantage in exploiting monitoring-related information. To 

explore the channel through which investor networks translate into reductions in earnings 

management, we analyze shareholder proposals, and find that central institutions engage in 

governance via voice. 
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1   Introduction 

Institutional investors generally face lower costs of acquiring and processing information 

than individual investors (Piotroski and Roulstone, 2004; Schnatterly et al., 2008; Ayers et al., 

2011; Kim et al., 2016; Kang et al., 2018). This information advantage leads to a monitoring 

advantage that helps improve financial reporting quality and reduce earnings management 

(Bushee, 1998; Ajinkya et al., 2005; Burns et al., 2010; Ayers et al., 2011; Kim et al., 2016). The 

literature typically uses the level of institutional ownership (Bushee, 1998; Ajinkya et al., 2005; 

Burns et al., 2010; Ayers et al., 2011; Kim et al., 2016), institutional ownership concentration 

(Bushee, 1998; Ajinkya et al., 2005; Burns et al., 2010; Ayers et al., 2011), or heterogeneity among 

different types of institutional investors (Bushee, 1998; Koh, 2007; Burns et al., 2010; Ayers et 

al., 2011; Kim et al., 2016) to explain the quality of financial reporting. However, the role of 

information diffusion between institutions has received less attention. This paper extends the 

literature on institutional monitoring and earnings management by adopting a network approach 

that accounts for information dissemination between institutional investors. 

The social network literature shows that network structures can play an essential role in 

disseminating information (Banerjee, 1992; Bikhchandani et al., 1992). In his study of executive 

networks, Fracassi (2017) argues that centrally located managers have better access to information, 

which allows them to make better policy decisions. Ozsoylev et al. (2014) find that central 

investors trade earlier with respect to information events, and earn higher returns than peripheral 

investors. In this paper, we borrow from the social network literature to extend the literature on 

earnings management. Specifically, we argue that institutional networks are of first-order 

importance for earnings management, with institutional investors that are more central in the 

network enjoying more timely and superior information. Our main hypothesis is that central 
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institutional investors obtain a monitoring advantage, which enables them to constrain earnings 

management to a larger extent than those located in the periphery of the network.  

To provide empirical evidence on the relation between institutional investor centrality1 and 

earnings management, we employ a comprehensive sample of 6,870 U.S. firms over the 1990-

2019 period. As in prior studies (Bartov et al., 2001; Hribar and Collins, 2002; Kothari et al., 2005; 

Hazarika et al., 2012), we proxy for a firm’s earnings management via discretionary accruals, 

which we estimate based on the modified Jones (1991) model, as further adapted by Dechow et 

al., 1995). Following Kothari et al. (2005), we augment this model with contemporaneous return 

on assets to control for the effect of firm performance on accruals. To capture an investor’s 

centrality within the institutional investor network, we follow Ozsoylev et al. (2014) and Bajo et 

al. (2020), and use the number of first-degree links with other institutional investors. 

Our findings suggest that the presence of well-connected institutional shareholders 

mitigates earnings management. The evidence is robust to the use of alternative earnings 

management and network centrality measures, and is economically meaningful: a 1-standard 

deviation increase in firm-level degree centrality is associated with a 6.91% decline in earnings 

management relative to the sample mean. The presumed effect is driven by neither the level or 

concentration of institutional ownership nor by other known determinants of earnings management 

or network structures. 

Endogeneity is a concern in our analysis. While our results are consistent with central 

institutions mitigating earnings management activities of firms in which they are invested, it could 

also be the case that firms with higher quality earnings attract investment by central institutions 

 
1 Throughout this paper, we use the terms investor centrality, shareholder centrality, and network centrality interchan-

geably. 
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(“reverse causality” explanation). We rely on two identification strategies to examine the direction 

of causality. First, we employ a natural experiment based on the 2003 mutual fund trading scandal 

(Kisin, 2011; Anton and Polk, 2014; Koch et al., 2016; Crane et al., 2019; Anton et al., 2020; Bajo 

et al., 2020) that results in a negative shock to investors’ network centrality. We consider firms 

that had a high percentage of equity owned by scandal funds before the mutual fund trading scandal 

that were subject to an exogenous decrease in network centrality during the scandal. We find they 

experienced higher levels of earnings management in the years following the scandal. Second, 

motivated by Chen et al.’s (2007, p. 280) suggestion that monitoring “consists of both information 

gathering and efforts to influence management”, we use plausibly exogenous variation in 

investors’ monitoring effort (Kempf et al., 2017) to provide evidence on causality. In line with 

existing literature (Chen et al., 2007; Kempf et al., 2017), we find that monitoring information 

obtained from investor networks reduces earnings management only when shareholder attention 

is devoted to the firm, i.e., when shareholders are not distracted by extreme returns in unrelated 

industries. 

To better identify firms that have particular incentives to manipulate earnings, and to assess 

the validity of our measures of earnings management, we turn to so-called “suspect” firms. As 

established by prior literature (Graham et al., 2005; Roychowdhury, 2006; Cohen et al., 2008), we 

identify suspect firms as those that just met (or beat) last year’s earnings or consensus analyst 

forecasts. Provided that our main dependent variable appropriately captures earnings management, 

we expect investor centrality to play a stronger role in mitigating earnings management among 

these firms. We re-estimate our main model, adding interaction effects between network centrality 

and different suspect-firm indicators, and find that shareholder centrality plays an even more 

important role in limiting earnings management in such firms.  
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Next, we verify that reductions in earnings management are effectively driven by 

information advantages obtained through institutional investor networks. Among institutional 

investor, characteristics such as independence from firm management, investment horizon, and 

nationality induce heterogeneity in the extent to which they are able to exploit monitoring-related 

information. More specifically, prior research (Brickley et al., 1988; Coval and Moskowitz, 1999; 

Chen et al., 2007; Ferreira and Matos, 2008; Ayers et al., 2011; Chhaochharia, 2012) indicates that 

independent, long-term, and domestic institutions are most likely to use information to monitor 

management. We refer to these investors as “monitoring institutions” and re-estimate our baseline 

model using measures of centrality among heterogeneous investor types. We find that networks of 

monitoring institutions attenuate earnings management considerably more than networks of 

institutions without any incentives to exploit monitoring information (i.e., grey, short-term, and 

foreign institutions). 

Finally, we examine the effect of network centrality on shareholder proposal outcomes to 

shed light on the channel through which institutional investor networks affect earnings 

management. By submitting proposals, shareholders of public firms can engage in governance via 

voice. Among the possible resolution outcomes, withdrawn and voted proposals indicate a high 

level of voice, while omitted proposals leave only a minimal role for shareholder activism (David 

et al., 2007; Bauer et al., 2015). Prior literature (Chidambaran and Woidtke, 1999; Bauer et al., 

2015) shows that proposals filed by institutional investors are more often withdrawn or voted on, 

and less often omitted. Based on this literature, we posit that this relation is driven by the 

institution’s network centrality rather than by the level of ownership per se. To provide empirical 

evidence on the relation between shareholder proposal outcomes and institutional investor 

centrality, we analyze 8,173 proposals filed over the 2006-2019 period. We find that shareholder 
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proposals filed by central institutions are less likely to be omitted from proxy statements and more 

likely to be withdrawn or put to a vote. These results suggest that well-connected institutional 

investors use their information advantage by engaging in governance via voice. 

Our study complements the extant literature on financial reporting and institutional investor 

monitoring in three significant ways. First, we contribute to the literature on accrual and real 

earnings management by proposing shareholder centrality as a major determinant with an 

explanatory power that is incremental to traditional proxies for institutional monitoring (Piotroski 

and Roulstone, 2004; Schnatterly et al., 2008; Chemmanur et al., 2009: Chemmanur et al., 2010; 

Ayers et al., 2011; Kim et al., 2016; Kang et al., 2018). Second, our study extends research that 

emphasizes the importance of information for institutional investors’ role in disciplining earnings 

management (Bushee, 1998; Ajinkya et al., 2005; Burns et al., 2010; Ayers et al., 2011; Kim et 

al., 2016). Third, our study contributes to the literature on corporate governance and shareholder 

activism by showing that investor centrality affects shareholder proposal outcomes (Karpoff et al., 

1996; Chidambaran and Woidtke, 1999; David et al., 2007; Bauer et al., 2010, 2015). 

The remainder of this paper is organized as follows. In Section 2, we review the literature 

and develop our testable hypotheses. We discuss our research design and provide summary 

statistics in Section 3. Section 4 presents our main empirical results, and Section 5 provides a 

battery of robustness tests. Section 6 concludes. 

2   Hypothesis Development 

Agency theory argues that institutions limit managers’ ability to engage in earnings 

management by monitoring activities. In the absence of monitoring, however, managers may use 

the discretion in financial reporting standards to manipulate reported earnings, e.g., to meet or beat 
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analysts’ forecasts and increase their variable compensation (Dechow and Sloan, 1991; Healy and 

Wahlen, 1999; Cheng and Warfield, 2005; Bergstresser and Philippon, 2006). Such earnings 

management reduces the accuracy of accounting information that investors use in making 

investment decisions (Hazarika et al., 2012; Kirschenheiter and Melumad, 2002) and also affect 

firms’ capital budgeting decisions (Biddle et al., 2009; McNichols and Stubben, 2008). 

Several prior studies have used a firm’s relative share of institutional ownership to capture 

institutions’ monitoring intensity. They generally document a negative association between 

institutional ownership and earnings management (Bange and De Bondt, 1998; Bushee, 1998; 

Chung et al., 2002; Cornett et al., 2008; Ebrahim, 2007).2 The literature further shows that 

institutions’ monitoring advantage is driven by their lower information acquisition and processing 

costs (Piotroski and Roulstone, 2004; Schnatterly et al., 2008; Chemmanur et al., 2009: 

Chemmanur et al., 2010; Ayers et al., 2011; Kim et al., 2016; Kang et al., 2018). 

Despite extensive research on the role of institutional monitoring, however, the literature 

has had little to say about the dissemination of information through networks formed by 

institutional investors’ common holdings in firms. Traditional proxies for monitoring intensity 

such as institutional ownership neglect the structure of these networks and the dynamics of 

information diffusion between institutional investors. An exception is Kang et al. (2018), who 

examine how institutions’ monitoring effectiveness relates to their blockholdings in firms in the 

same industry. Their findings suggest that information spillovers provide institutions with an 

information advantage that significantly enhances their monitoring effectiveness. This result is 

 
2 Bange and De Bondt (1998) and Bushee (1998) find that higher institutional ownership is associated with lower 

earnings smoothing, and the reduced propensity of managers to counteract profit increases by reducing R&D expen-

ditures, respectively. Chung et al. (2002) and Cornett et al. (2008) show that institutional ownership reduces managers’ 

tendency to adjust profits toward their desired level or to use discretionary accruals. 
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also consistent with Fracassi (2017), who studies executive social networks. He argues that 

centrally located managers have greater access to information, which allows them to make better 

corporate decisions. Taken together, these studies suggest that information disseminates through 

networks and allows more centrally located actors to exploit their information advantage.  

Building on the arguments above, we propose that centrally located investors enjoy greater 

access to information, which enhances their monitoring effectiveness and, in turn, firms’ financial 

reporting quality. This leads to our first hypothesis: 

Hypothesis 1: A higher degree of centrality among institutional shareholders reduces 

firm-level earnings management. 

If central institutions obtain an information advantage through their networks, we should 

observe stronger reductions in earnings management in the presence of institutions that are more 

likely to use information to monitor management. Prior research highlights three types of such 

monitoring institutions: independent, long-term, and domestic. 

First, independent investors (i.e., mutual funds, investment advisors, public pension funds) 

that do not have existing or potential business with portfolio firms are more likely to monitor firm 

management than “grey” investors, such as banks and insurance companies, that could lose 

business by challenging portfolio firms’ managers (Brickley et al., 1988; Almazan et al., 2005; 

Chen et al., 2007; Ferreira and Matos, 2008). Second, Gaspar et al. (2005), Chen et al. (2007), Koh 

(2007), Attig et al. (2013), and Harford et al. (2018) show that long-term investors have profit 

motives to engage in monitoring, while short-term investors are mainly interested in realizing 

trading profits. Third, the literature shows that, due to their geographic, linguistic, and cultural 

proximity to firms (Kim et al., 2016), domestic (as compared to foreign) investors enjoy an 
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advantage in acquiring and processing information (Coval and Moskowitz, 1999, 2001; Ahearne 

et al., 2004; Van Nieuwerburgh and Veldkamp, 2010; Ayers et al., 2011; Kim et al., 2016). This 

advantage can facilitate monitoring. 

Against this background, we argue that central institutional investors with a comparative 

advantage in exploiting information, i.e., independent, long-term, and domestic investors, have a 

more pronounced monitoring effect than other central institutions, i.e., grey, short-term, and 

foreign investors.3 This leads to our second hypothesis: 

Hypothesis 2: The effect of institution centrality on earnings management is stronger 

among independent versus grey investors, long-term versus short-term investors, and 

domestic versus foreign investors. 

Turning next to the channel through which investor centrality reduces earnings 

management, we focus on shareholder proposals. According to Securities and Exchange 

Commission (SEC) Rule 14a-8, public company shareholders can engage in governance via voice 

by submitting proposals to be voted on at the annual general meeting (AGM). Under certain 

circumstances, however, management may negotiate with the SEC to omit a proposal from its 

proxy statement.4 An omitted proposal is not put to a vote, and indicates management is not willing 

to consider the requested change, thereby leaving only a minimal role for voice (David et al., 2007; 

Bauer et al., 2015). 

 
3 Besides these classifications, we also distinguish between networks of distracted and attentive investors as part of 

our identification strategy (see Section 4.2.1). We hypothesize that monitoring information only translates into reduc-

tions in earnings management when shareholder attention is devoted to the firm. 
4 According to SEC Rule 14a-8, possible reasons are, e.g., the proposal reflects a personal grievance, requires the firm 

to violate law, relates to marginal parts of business operations, or deals with matters related to firms’ ordinary business 

operations. 
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In addition, management can reject a proposal even if it receives majority support at the 

AGM, because votes on shareholder-initiated proposals are non-binding (Levit and Malenko, 

2011). In this case, management will likely face additional shareholder pressure. Alternatively, 

management can negotiate with the proposal filer ahead of the AGM and commit to addressing 

concerns raised in the proposal, possibly leading the filer to withdraw the proposal (Carleton et al., 

1998). Withdrawn proposals signal the greatest shareholder activism intensity among the three 

resolution outcomes (David et al., 2007; Bauer et al., 2015). 

Prior literature shows that institutional investors play a role in corporate governance via 

voice. For example, Chidambaran and Woidtke (1999) find that proposals are more likely to be 

withdrawn if submitted by institutional investors, presumably because they have greater 

negotiation power than private investors. Similarly, Bauer et al. (2015) report a positive association 

between institutional ownership and the likelihood of a proposal’s withdrawal conditional on the 

filer being an institution.  

Based on this strand of literature, we argue that the relation between institutional ownership 

and resolution outcomes for shareholder-initiated proxy proposals is driven by the institution’s 

network centrality rather than by the level of ownership per se. Well-connected investors may be 

better able to persuade other investors to engage in voice in the same direction (Bajo et al., 2020). 

This leads to our third hypothesis: 

Hypothesis 3: Shareholder proposals filed by central institutions are less likely to be 

omitted and more likely to be withdrawn or voted on. 
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3   Data and Descriptive Statistics 

3.1 Earnings Management 

As a proxy for firm-level earnings management, we employ discretionary accruals 

estimated using the Jones (1991) model as modified by Dechow et al. (1995). We conduct annual 

industry cross-sectional estimations, where we include contemporaneous return on assets as an 

additional explanatory variable (Kothari et al., 2005). 

In a first step, to capture discretionary accruals, we follow prior studies (Bartov et al., 2001; 

Hribar and Collins, 2002; Kothari et al., 2005; Hazarika et al., 2012). We rely on cash flow 

statements to define total accruals (𝑇𝐴) for firm 𝑖 in year 𝑡 as earnings before extraordinary items 

and discontinued operations minus operating cash flows, all deflated by lagged total assets to 

correct for heteroscedasticity. Specifically, we estimate the following model for industry-years 

with more than 15 observations in the same two-digit SIC code: 

𝑇𝐴𝑖𝑡 = 𝛼1

1

𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1
+ 𝛼2

∆𝑆𝑎𝑙𝑒𝑠𝑖𝑡 − ∆𝐴𝑅𝑖𝑡

𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1
+  𝛼3

𝑃𝑃𝐸𝑖𝑡

𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1
+ 𝛼4

𝐼𝐵𝑋𝐼𝑖𝑡  

𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1
+  휀𝑖𝑡, (1) 

where ∆𝑆𝑎𝑙𝑒𝑠𝑖𝑡 is change in sales from year 𝑡 − 1 to year 𝑡, ∆𝐴𝑅𝑖𝑡 is change in accounts receivable 

from year 𝑡 − 1 to year 𝑡, 𝑃𝑃𝐸𝑖𝑡 is level of net property, plant, and equipment (PPE) in year 𝑡, 

𝐼𝐵𝑋𝐼𝑖𝑡 is level of income before extraordinary items in year 𝑡, and 𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1 is level of total assets 

in year 𝑡 − 1. 

In a second step, we take the absolute value of the residuals in Equation (1) as our measure 

of discretionary accruals (𝐴𝑏𝑠𝐷𝐴). Higher values of 𝐴𝑏𝑠𝐷𝐴 indicate higher levels of earnings 

management. We use the absolute value, because, in addition to income-increasing accruals, 

income-decreasing accruals can also indicate earnings management by building up provisions that 

managers can use in future periods (Healy and Wahlen, 1999; Klein, 2002; Myers et al., 2003; 
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Cohen et al., 2008; Gul et al., 2009; Hazarika et al., 2012). Therefore, this measure captures 

managerial actions associated with the timing of the recognition of income statement items. 

We focus on accrual-based earnings because we expect managers to manipulate earnings 

through accruals first. This is because the alternative method of managing earnings through real 

operating decisions involves altering the timing and scope of investments, production, or sales, 

and thus may result in suboptimal business outcomes for the firm (Ewert and Wagenhofer, 2005; 

Zang, 2012; Kothari et al., 2016). However, in robustness tests, we also provide evidence on the 

association between investor networks and real earnings management activities. 

3.2 Network Centrality 

Following Bajo et al. (2020), we capture network centrality by using the number of first-

degree connections to other institutional investors through common holdings. Specifically, we 

construct an undirected and unweighted network of institutions formed by common holdings in a 

firm.5 Following the common ownership literature (see, for example, Azar et al. (2018)), we define 

two institutions as connected if they are both invested in a given firm with voting shares of at least 

0.5% of the firm’s market value of equity. We then compute five network centrality measures as 

discussed below based on the resulting network. 

We first define the degree centrality (unscaled) of institution 𝑘 in year 𝑡 as: 

𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶𝑘𝑡 = ∑ 𝐴𝑘𝑗𝑡,

𝑁𝑡

𝑗≠𝑘

 (2) 

 
5 An undirected network does not distinguish between the direction of information flow, but rather considers that 

connected institutions both benefit from the exchange of information. An unweighted network does not account for 

the intensity of connections between institutions, but, rather, focuses on whether two institutions are connected. 
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where 𝑁𝑡 is the number of institutions in the network in year 𝑡, and 𝐴𝑘𝑗𝑡 is an indicator variable 

that equals 1 if two institutions 𝑘 and 𝑗 are jointly invested in the same firm in year 𝑡 (where they 

both hold voting shares of at least 0.5% of the firm’s market value of equity).6 We plot average 

investor-level degree centrality (unscaled) in Figure 1A. The average institution in our sample has 

direct links to 200 other institutions in 1990Q1, with this number fluctuating over time from 132 

in 2019Q4 to 271 in 1996Q4. 

As calculated in Equation (2), degree centrality depends on the total number of institutions 

in the network, and thus it potentially suffers from a time bias (Bajo et al., 2020). In particular, if 

the universe of investors 𝑁 grows over time, the maximum number of possible connections 𝑁 − 1 

that an institution can have with other institutions, i.e., network potential, also rises. As Figure 1B 

illustrates, network potential does indeed increase substantially over the sample period: The 

maximum number of possible connections rises from 928 in December 1990 to 3,402 in December 

2019. To account for this potential time bias, we follow Bajo et al. (2020), and scale investor-level 

degree centrality in a given year by the network potential in the same year. Therefore, our second 

measure of centrality, scaled degree centrality, for investor k is: 

𝐷𝐸𝐺𝑅𝑘𝑡 =
∑ 𝐴𝑘𝑗𝑡 

𝑁𝑡
𝑗≠𝑘

𝑁𝑡 − 1
. (3) 

Scaled degree centrality is defined on the interval [0,1], and gives the percentage of the 

largest possible network tied to an institution in a given year. A value of 0 implies no connection; 

a value of 1 indicates direct ties to all investors in the network. Figure 1C reveals a downward 

 
6 More specifically, 𝐴𝑘𝑗𝑡 is the 𝑘𝑗-th element of adjacency matrix 𝐴 in year 𝑡, where 𝑘 is the row indicator of the 

adjacency matrix that corresponds to the institutional investor under analysis, and 𝑗 is the column indicator that cor-

responds to another institutional investor. In an undirected network, the adjacency matrix 𝐴 ∈ ℝ𝑁×𝑁 is a (0,1) matrix 

that indicates whether pairs of vertices are adjacent. 𝐴𝑘𝑗𝑡 equals 1 if two nodes (i.e., institutions) are connected by an 

edge (i.e., a common investment) in a given year. Diagonal (𝐴𝑘𝑘) entries are set to 0. 
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trend in 𝐷𝐸𝐺𝑅 due to both decreasing unscaled degree centrality and the increasing network 

potential over time. 

Although degree centrality measures are the primary measures of network centrality in the 

literature, prior studies have proposed other measures (Ozsoylev et al., 2014; Bajo et al., 2020). 

First, unlike 𝐷𝐸𝐺𝑅, eigenvector centrality accounts for not only direct connections between 

investors but also indirect ones, placing more weight on the most central connections. The rationale 

is that investors are likely to receive more monitoring-relevant information from network affiliates 

if the affiliates enjoy more access to information themselves. Therefore, our third measure of 

network centrality, eigenvector centrality, for investor 𝑘 in time 𝑡 is given as: 

𝐸𝐼𝑉𝐸𝐶𝑘𝑡 =
1

𝜆
∑ 𝑥𝑘𝑗𝑡

𝑁𝑡

𝑗≠𝑘

𝐸𝐼𝑉𝐸𝐶𝑗𝑡 , (4) 

where 𝜆 is a constant to prevent non-zero solutions, and 𝐸𝐼𝑉𝐸𝐶 is the eigenvector centrality score 

(Bonacich, 1987). Following Bajo et al. (2020), we scale 𝐸𝐼𝑉𝐸𝐶 by the maximum possible value 

for a network of size 𝑁. 

Our fourth measure of network centrality, closeness centrality, captures a node’s path 

length (i.e., inverse distance) to all other nodes in the network. Investors close to all other nodes 

in the network may obtain superior information because they can reach out to affiliated investors 

without being dependent on the mediation of many other nodes. Closeness centrality can also 

proxy for the speed with which an institution obtains information from the network. Formally, we 

define closeness centrality as the average of the shortest path length between investor 𝑘 and all 

other nodes in the network: 
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𝐶𝐿𝑂𝑆𝐸𝑘𝑡 =
𝑁𝑡 − 1

∑ 𝑑𝑘𝑗𝑡
𝑁𝑡
𝑗≠𝑘

, (5) 

where 𝑑𝑘𝑗𝑡 is the length of the shortest path between nodes 𝑘 and 𝑗 in the network at time 𝑡. 

Our fifth measure of network centrality, betweenness centrality, captures the extent to 

which a node acts as an interface between two other nodes. It proxies for the importance of an 

investor to information dissemination in the network. More central investors are exposed to more 

information, and are able to control information flow within the network. Formally, betweenness 

centrality captures the percentage of the shortest paths between any pair of nodes in the network 

that pass through investor 𝑘: 

𝐵𝐸𝑇𝑊𝑘𝑡 = ∑
𝑏𝑘𝑗𝑧𝑡

𝑏𝑗𝑧𝑡
𝑘≠𝑗≠𝑧

, (6) 

where 𝑏𝑘𝑗𝑧𝑡 is the number of the shortest paths between nodes 𝑗 and 𝑧 that pass through investor 

𝑘 in year 𝑡, and 𝑏𝑗𝑧𝑡 is the total number of shortest paths between 𝑗 and 𝑧 in year 𝑡. 

In a final step, we aggregate the five investor-level centrality measures to the firm level. 

We argue that more central institutions can better monitor management due to the information 

advantage they obtain through their networks, which translates into reduced earnings management 

for the firm. Given that monitoring effectiveness depends on both the importance of the firm for 

the investor (Fich et al., 2015), and the importance of the investor for the firm (Goldstein, 2011), 

taking the holding-weighted average, or simply weighting all investors equally, may not be 

appropriate.7 Therefore, we adapt the weighting factor 𝑤𝑘𝑖𝑡, as in Kempf et al. (2017), which 

allocates a larger weight to investor 𝑘 if firm 𝑖 represents one of the largest positions in 𝑘’s 

 
7 In robustness tests, we apply holding weights to the firm-level network measures (see Section 5.1). 



16 

portfolio, or if 𝑘 represents one of the largest shareholders of firm 𝑖.8 Formally, our firm-level 

measure of network centrality for firm 𝑖 in year 𝑡, is given by: 

𝐶𝐸𝑁𝑇𝑅𝐴𝐿𝐼𝑇𝑌𝑖𝑡 = ∑ 𝑤𝑘𝑖𝑡𝐶𝐸𝑁𝑇𝑅𝐴𝐿𝐼𝑇𝑌𝑘𝑡

𝑘∈𝐼𝑡

, (7) 

where 𝐶𝐸𝑁𝑇𝑅𝐴𝐿𝐼𝑇𝑌 represents one of our network centrality measures (𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶, 𝐷𝐸𝐺𝑅, 

𝐸𝐼𝑉𝐸𝐶, 𝐶𝐿𝑂𝑆𝐸, or 𝐵𝐸𝑇𝑊). Figure 1D plots average annual firm-level degree centrality. As is the 

case at the investor level, 𝐷𝐸𝐺𝑅 shows a downward trend over time. 

3.3 Distracted Investors 

Investor attention is a scarce resource (Kempf et al., 2017). When attention-grabbing events 

occur in some industries, investors may shift their attention to these industries, leading to 

temporarily relaxed monitoring constraints for firms in industries not subject to those shocks. 

Because such shocks, defined as extreme industry returns, can affect monitoring in unrelated parts 

(industries) of an investor’s portfolio, exogenous variation in investor distraction at the firm level 

captures exogenous variation in an investor’s monitoring effort. 

Existing literature provides evidence that investor distraction has the potential to affect the 

quality of earnings. Garel et al. (2021) find that managers exploit insufficient monitoring resulting 

from institutional shareholder distraction by engaging in both accrual-based and real earnings 

management. Abramova et al. (2020) show that managers react to temporary institutional investor 

attention by making short-term disclosures. 

 
8 Following Kempf et al. (2017), we determine the importance of the firm for the investor and the importance of the 

investor for the firm in the third quarter of year 𝑡. We sort both terms into quintiles to constrain the impact of outliers 

and measurement error, and we scale the nominator so that the weights sum to 1. For a detailed presentation of the 

weighting factor 𝑤𝑘𝑖𝑡, see Equation (2) in Kempf et al. (2017, p. 1669). 
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Using the negative shock to monitoring activity, we construct firm-level degree centrality 

(𝐷𝐸𝐺𝑅) measures for distracted versus attentive investors. In a first step, we follow Kempf et al. 

(2017), and construct their distraction measures at the investor-industry-year level. We sort all 

distraction values by firm-year, and construct indicator variables to distinguish between distracted 

and attentive investors based on the median. We then recalculate our measure of firm-level degree 

centrality (see Equation (7)), where we aggregate investor-level degree centrality only among the 

firm’s distracted (𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇) or attentive (𝐷𝐸𝐺𝑅_𝐴𝑇𝑇) institutional investors. In all 

regressions, we exclude the observations of firms operating in the two industries that experience 

positive or negative shocks to ensure that the distraction measure does not capture extreme industry 

sector performance (Kempf et al., 2017). 

Based on Chen et al.’s (2007) reasoning, our measures 𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇 and 𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 

assume that monitoring is effective only if two conditions are jointly met: 1) The information 

necessary for monitoring is appropriately captured by degree centrality, and 2) managers exert the 

effort to use this information to constrain earnings management, and this effect is encapsulated in 

Kempf et al.’s (2017) distraction measure. The underlying idea is that even central, well-informed 

institutional investors will not mitigate earnings management if the institution is distracted and 

unable to exploit the available information necessary to monitor management. 

3.4 Suspect Firms 

To shed light on specific incentives to manage earnings, we identify suspect firms as those 

that just met (or beat) last year’s earnings or consensus analyst forecasts (Graham et al., 2005; 

Roychowdhury, 2006; Cohen et al., 2008). We construct dummy variable 𝑆𝑈𝑆𝑃𝐸𝐶𝑇1, which 

equals 1 if a firm’s change in net income before extraordinary items scaled by total assets from 

year 𝑡 − 1 to year 𝑡 is in the interval [0, 0.005), and 0 otherwise. Similarly, 𝑆𝑈𝑆𝑃𝐸𝐶𝑇2 equals 1 
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if a firm just meets or beats the consensus analyst forecast by $0.01 per share in a given year, and 

0 otherwise. We further construct 𝑆𝑈𝑆𝑃𝐸𝐶𝑇3, a dummy variable that equals 1 if either of the two 

conditions above is satisfied, and 0 otherwise. 

3.5 Heterogeneity Across Investor Networks 

Based on our methodology for classifying distracted versus attentive shareholders (see 

Section 3.3), we also construct firm-level centrality measures for subsets of investors that differ in 

the extent to which they exploit available information. Specifically, we construct dummy variables 

to classify investors as independent versus grey, long-term versus short-term, and domestic versus 

foreign. 

In line with Chen et al. (2007), we group mutual funds, investment advisors, and public 

pension funds into the independent investor group, and banks, insurance companies, and all 

remaining institutions into the grey investor group. Next, to capture an investor’s investment 

horizon, we follow Gaspar et al. (2005) and Döring et al. (2021), and calculate the portfolio churn 

rate (𝐶𝑅) as: 

𝐶𝑅𝑘𝑡 =
∑ |𝑆𝑘𝑖𝑡𝑃𝑖𝑡 − 𝑆𝑘𝑖𝑡−1𝑃𝑖𝑡−1 − 𝑆𝑘𝑖𝑡∆𝑃𝑖𝑡|

𝐶𝑘𝑡
𝑖=1

∑
𝑆𝑘𝑖𝑡𝑃𝑖𝑡 + 𝑆𝑘𝑖𝑡−1𝑃𝑖𝑡−1

2
𝐶𝑘𝑡
𝑖=1

, (8) 

where 𝑆𝑘𝑖𝑡 is the number of shares that investor 𝑘 holds in firm 𝑖 and year 𝑡, 𝑃𝑖𝑡 is the stock price 

of firm 𝑖 in year 𝑡, and 𝐶𝑘𝑡 is the number of companies held by investor 𝑘 in year 𝑡. We then 

distinguish between long- and short-term investors based on the median 𝐶𝑅. Finally, we classify 

investors as domestic if they are incorporated in the U.S., and as foreign if incorporated outside 

the U.S. Using these measures, we re-calculate firm-level degree centrality (see Section 3.2) 
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among independent (𝐷𝐸𝐺𝑅_𝐼𝑁𝐷), grey (𝐷𝐸𝐺𝑅_𝐺𝑅𝐸𝑌), long-term (𝐷𝐸𝐺𝑅_𝐿𝑇), short-term 

(𝐷𝐸𝐺𝑅_𝑆𝑇), domestic (𝐷𝐸𝐺𝑅_𝐷𝑂𝑀), and foreign (𝐷𝐸𝐺𝑅_𝐹𝑂𝑅) investors. 

3.6 Sample Construction and Descriptive Statistics 

Our data come from several sources. We obtain end-of-year balance sheet and income 

statement data from Compustat North America. Following typical conventions (see, e.g., El Ghoul 

et al. (2021a)), we exclude financial firms (SIC codes 6000-6999) because their operating 

decisions and accruals are significantly different than those of industrial companies. Data on 

institutional investors’ holdings of common stocks come from the Thomson Reuters Financial (F-

13) database. Data on Fama-French’s (1997) 12-industry returns come from Kenneth French’s 

website, and institutional investor classification data (Bushee, 1998) come from Brian Bushee’s 

website.9 We complement these data with analysts’ consensus earnings per share (EPS) forecasts 

and actual EPS from I/B/E/S. We consider only the latest consensus forecasts made and/or revised 

in a given firm-year. We winsorize all continuous variables at the 1st and 99th percentiles to reduce 

the influence of outliers.10 After omitting firms with missing observations, our final sample 

consists of 66,448 firm-year observations for 6,870 firms over the 1990-2019 period. 

We rely on the Institutional Shareholder Services (ISS, formerly RiskMetrics) database for 

our shareholder proposals analysis. ISS contains the filed shareholder proposals of Russell 3000 

constituents from 2006 onward. The data are provided at the proposal level, and contain 

information about the lead sponsor and whether proposals were omitted (𝑂𝑀𝐼𝑇), withdrawn 

 
9 Kenneth French’s industry return data are publicly available at: http://mba.tuck.dartmouth.edu/pages/ 

faculty/ken.french/data_library.html. Brian Bushee’s investor classification data are publicly available at: http://ac-

counting-faculty.wharton.upenn.edu/bushee. 
10 In untabulated results, we re-run our main analyses using non-winsorized variables. Our inferences remain qualita-

tively unchanged, and the estimated 𝐷𝐸𝐺𝑅 coefficients even increase in (absolute) magnitude. 
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(𝑊𝐼𝐷𝑅), or put to the vote (𝐹𝐼𝑉𝑂). We supplement these data with information on governance 

provisions at the firm level obtained from ISS. We winsorize all continuous variables at the 1st  

and 99th percentiles. After dropping duplicate observations and omitting firms for which we do not 

have complete controls, the data set contains 8,173 proposals filed over the 2006-2019 period. 

We construct a vector of firm-level control variables (𝐹𝐶) that prior literature has identified 

as determinants of earnings management. Hribar and Nichols (2007) recommend controlling for 

total assets and volatility of operations. To reduce any potential omitted variable bias when 

estimating effects on 𝐴𝑏𝑠𝐷𝐴, we thus include a firm’s natural logarithm of total assets in millions 

of U.S. dollars (𝐹𝑆𝐼𝑍𝐸; Dechow and Dichev, 2002; Bajo et al., 2020; El Ghoul et al., 2021b), cash 

flow volatility (𝐶𝐹𝑉𝑂𝐿; Chaney et al., 2011; El Ghoul et al., 2021b), sales volatility (𝑆𝐴𝑉𝑂𝐿; 

Dechow, 1994; Dechow and Dichev, 2002; El Ghoul et al., 2021b), and sales growth volatility 

(𝑆𝐺𝑉𝑂𝐿; El Ghoul et al., 2020) as control variables. Following the above literature, we measure 

𝐶𝐹𝑉𝑂𝐿, 𝑆𝐴𝑉𝑂𝐿, and 𝑆𝐺𝑉𝑂𝐿 as the five-year standard deviation in a firm’s cash flow to total 

assets, sales to total assets, and annual sales growth rate, respectively. 

Because Dechow and Dichev (2002) find that accrual quality is negatively related to the 

length of a firm’s operating cycle and negative earnings, we additionally control for the natural 

logarithm of the sum of days in receivable and days in inventory (𝑂𝑃𝐶𝑌; Dechow, 1994; 

Burgstahler et al., 2006; Chaney et al., 2011; El Ghoul et al., 2021b), and add a dummy variable 

indicating whether the firm reported a net loss in the current year (𝐿𝑂𝑆𝑆; Francis and Yu, 2009; 

Chaney et al., 2011; El Ghoul et al., 2021b). Since the default costs imposed by creditors provide 

incentives for earnings management (Sweeney, 1994), we control for the ratio of a firm’s long-

term debt to total assets (𝐿𝐸𝑉; Dechow, 1994; Dechow and Dichev, 2002; Hribar and Nichols, 

2007; El Ghoul et al., 2021b). 
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Prior studies find that earnings quality is affected by firm growth opportunities, financial 

performance, and extent of supplier credit. Therefore, we add the annual sales growth rate (𝑆𝐺𝑅; 

Chaney et al., 2011; El Ghoul et al., 2021b), ratio of operating income to total assets (𝑅𝑂𝐴; 

Dechow et al., 1995; McNichols, 2002; Kothari et al., 2005; El Ghoul et al., 2021b), and days 

payable, measured as 360 divided by the ratio of average accounts payable to cost of goods sold 

(𝐷𝑃𝐴𝑌; Gopalan and Jayaraman, 2012; El Ghoul et al., 2021b) to our control variables. Because 

studies find that Big 4 auditors ensure high quality earnings, we also include a dummy variable to 

indicate the presence of a Big 4 auditor (𝐵𝐼𝐺4; see Becker et al., 1998; Francis and Wang, 2008). 

Following the literature, we also construct a vector of investor control variables, denoted 

as 𝐼𝐶, related to ownership and network structures. To ensure the effects of network centrality on 

earnings management are not affected by a firm’s institutional ownership, we follow Crane et al. 

(2019), and control for the shares held by institutional investors as a percent of the firm’s shares 

outstanding (𝐼𝑂𝑊𝑁). This measure indicates the concentration of institutions in a firm. The larger 

the number of institutional investors in a firm (holding at least 0.5% of the firm’s voting shares), 

the larger the number of coinvestment ties among those institutions. In other words, institutional 

ownership concentration should be positively correlated with degree centrality. To proxy for 

institutional ownership concentration, we control for the firm-level Herfindahl index (𝐹𝐻𝐸𝑅𝐹; see 

Crane et al., 2019; Bajo et al., 2020). 

Degree centrality is also likely correlated with an institution’s assets under management. 

To realize the benefits of portfolio diversification, large investment companies are forced to 

allocate their holdings across various stocks, increasing the number of coinvestment relationships. 

We follow Crane et al. (2019) and Bajo et al. (2020), and control for firm size as captured by the 

weighted institution’s natural logarithm of assets in millions of U.S. dollars reported in 13-F filings 
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(𝐼𝑆𝐼𝑍𝐸). In addition to the volume of its managed funds, an institution’s portfolio concentration is 

likely to affect the number of ties to other institutional investors. While specialized institutions 

allocate their assets under management to a relatively small number of target stocks, a broader 

investment scope exposes an investor to more co-investment relationships. Therefore, following 

Bajo et al. (2020), we also incorporate the weighted Herfindahl index, i.e., an investor’s portfolio 

dispersion, as a control variable (𝐼𝐻𝐸𝑅𝐹).11 

For our shareholder proposal analyses, we calculate a vector of control variables, labeled 

𝑃𝐶, that have been shown to influence proposal outcomes or a firm’s exposure to shareholder 

proposals. Following Chidambaran and Woidtke (1999) and Bauer et al. (2010, 2015), we 

construct dummy variables for four sponsor classes: institutional investors (𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇), 

individual investors (𝑆𝑃𝑂𝑁_𝐼𝑁𝐷), labor unions (𝑆𝑃𝑂𝑁_𝑈𝑁𝐼), and coordinated activists 

(𝑆𝑃𝑂𝑁_𝐴𝐶𝑇). As in related studies (Karpoff et al., 1996; Chidambaran and Woidtke, 1999; Bauer 

et al., 2015), we control for standard firm characteristics: total assets (𝐹𝑆𝐼𝑍𝐸), net profit margin 

(𝑁𝑃𝑀𝐴𝑅𝐺), leverage (𝐿𝐸𝑉), capital expenditures (𝐶𝐴𝑃𝐸𝑋), and dividend yield (𝐷𝑌𝐼𝐸𝐿𝐷). We 

also add dummy variables for corporate governance provisions indicating the presence of a 

classified board (𝐶𝐵𝑂𝐴𝑅𝐷), dual-class stock (𝐷𝐶𝑆𝑇𝑂), poison pill (𝑃𝑃𝐼𝐿𝐿), and golden parachute 

(𝐺𝑃𝐴𝑅𝐴). We distinguish between proposals related to corporate governance (𝐶𝐺𝑃𝑅𝑂) and those 

related to corporate social responsibility (𝐶𝑆𝑅𝑃𝑅𝑂) (Bauer et al., 2010, 2015). Finally, we include 

network-specific controls, i.e., 𝐹𝐻𝐸𝑅𝐹, 𝐼𝐻𝐸𝑅𝐹, and 𝐼𝑆𝐼𝑍𝐸, as defined above. Instead of using 

𝐼𝑂𝑊𝑁, we follow Bauer et al. (2015), and decompose institutional ownership into transient 

 
11 We apply the weighting scheme of Kempf et al. (2017) in aggregating investor-level assets and portfolio dispersion 

to the firm level to obtain 𝐼𝑆𝐼𝑍𝐸 and 𝐼𝐻𝐸𝑅𝐹, respectively. 
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investor ownership (𝐼𝑂𝑊𝑁_𝑇𝑅𝐴), dedicated investor ownership (𝐼𝑂𝑊𝑁_𝐷𝐸𝐷), and quasi-

indexer investor ownership (𝐼𝑂𝑊𝑁_𝑄𝐼𝑋). 

We report descriptive statistics for our main variables in Panel A of Table 1. 𝐴𝑏𝑠𝐷𝐴 shows 

a sample mean of 0.161 and a median of 0.071. We also compute pairwise correlation coefficients 

between the investor-level network centrality measures (see Section 3.2) and different portfolio 

characteristics in Table 2. 

 

Insert Tables 1 and 2 about here 

 

Focusing on the network measures, we observe positive correlations among all five that are 

statistically significant at the 1% level. For example, scaled degree centrality shows pairwise 

correlation coefficients of 0.884 with unscaled degree centrality (see coefficient on 𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶 

in column (1)), as well as 0.945 with eigenvector centrality (see coefficient on 𝐸𝐼𝑉𝐸𝐶 in column 

(1)). Acknowledging these high correlations, we focus on scaled degree centrality, 𝐷𝐸𝐺𝑅, as our 

main network centrality measure in the analyses below. However, we also use alternative network 

measures in our robustness test (see Section 5.1). 

Turning to the correlations between an investor’s network and portfolio characteristics, we 

observe positive correlations between 𝐷𝐸𝐺𝑅 and the number of stocks in an investor’s portfolio 

(see coefficient on 𝑁𝑆𝑇𝑂 in column (1)), and investors’ total assets reported in 13-F filings (see 

coefficient on 𝐼𝑆𝐼𝑍𝐸 in column (1)). This finding is plausible, given that two institutions are 

connected if they both hold shares of the same firm. The network is likely to grow with an 

increasing number of stocks and total assets. We further observe negative pairwise correlation 

coefficients between 𝐷𝐸𝐺𝑅 and the investor’s portfolio Herfindahl, as concentrated ownership 
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reduces the likelihood of having common holdings in the same firm. Overall, these correlations 

are only of relatively moderate magnitude, suggesting that investor networks is a distinct construct 

above and beyond standard portfolio characteristics. 

4   Empirical Results 

4.1 Baseline Regressions 

To test whether firms held by central institutions engage in less earnings management, we 

estimate several specifications of the following regression: 

𝐴𝑏𝑠𝐷𝐴𝑖𝑡 = 𝛼𝑖 + 𝛿𝑡 + 𝛽1𝐷𝐸𝐺𝑅𝑖𝑡 + 𝛽2𝐹𝐶𝑖𝑡 + 𝛽3𝐼𝐶𝑖𝑡 + 휀𝑖𝑡 , (9) 

where 𝐴𝑏𝑠𝐷𝐴𝑖𝑡 is our measure of earnings management for firm 𝑖 at year 𝑡; 𝐷𝐸𝐺𝑅𝑖𝑡 is the level 

of connectedness among firm 𝑖’s shareholders at time 𝑡; 𝐹𝐶𝑖𝑡 is a vector of firm-level control 

variables (𝐹𝑆𝐼𝑍𝐸, 𝑂𝑃𝐶𝑌, 𝐶𝐹𝑉𝑂𝐿, 𝑆𝐴𝑉𝑂𝐿, 𝑆𝐺𝑉𝑂𝐿, 𝐿𝐸𝑉, 𝑆𝐺𝑅, 𝐷𝑃𝐴𝑌, 𝐿𝑂𝑆𝑆, 𝑅𝑂𝐴, and 𝐵𝐼𝐺4); 

and 𝐼𝐶𝑖𝑡 is a vector of ownership and network control variables (𝐼𝑂𝑊𝑁, 𝐼𝑆𝐼𝑍𝐸, 𝐼𝐻𝐸𝑅𝐹, and 

𝐹𝐻𝐸𝑅𝐹). 𝛼𝑖 and 𝛿𝑡 are firm and year fixed effects, respectively. By adding firm and year fixed 

effects to all our models, we control for unobserved heterogeneity due to time-constant firm 

characteristics and the influence of the time trend in 𝐷𝐸𝐺𝑅. Our 𝑡-statistics are based on standard 

errors clustered at the firm level. 

The results are shown in Table 3. In column (1), we regress our proxy for earnings 

management (𝐴𝑏𝑠𝐷𝐴) on the measure of investor centrality (𝐷𝐸𝐺𝑅) and firm and year fixed 

effects. Confirming Hypothesis 1, we observe a negative and statistically significant coefficient on 

𝐷𝐸𝐺𝑅 at the 1% level. This indicates that the presence of highly connected institutional investors 

is associated with lower earnings management. The evidence is not only statistically significant 
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but economically meaningful. A 1-standard deviation increase in 𝐷𝐸𝐺𝑅 (0.175) reduces earnings 

management by 6.91% relative to the sample mean (= −0.063 × 0.175 / 0.161, where 0.161 is the 

sample mean of 𝐴𝑏𝑠𝐷𝐴). Notably, the explanatory power of 𝐷𝐸𝐺𝑅 remains statistically significant 

when controlling for firm-level controls in column (2), and firm-level controls and ownership as 

well as network controls in column (3). 

 

Insert Table 3 about here 

 

Because we rely on fixed effects estimators in all three specifications above, we validate 

our findings by re-estimating the baseline model using a first differences estimator.12 As column 

(4) shows, the estimated coefficient of 𝐷𝐸𝐺𝑅 remains statistically significant at the 5% level, and 

it persists in both sign and magnitude. We conclude that the observed effect is not sensitive to 

different estimation methods.  

Next, in columns (5) and (6), we decompose 𝐴𝑏𝑠𝐷𝐴, and examine absolute values of 

income-increasing and -decreasing earnings management separately. We use the signed values of 

discretionary accruals to divide our sample into income-increasing (𝐷𝐴 > 0) and -decreasing 

(𝐷𝐴 < 0) performance-adjusted earnings management. We then assess the relationship between 

𝐴𝑏𝑠𝐷𝐴 and 𝐷𝐸𝐺𝑅 by re-estimating the baseline model. In both cases, we observe negative and 

 
12 Fixed effects and first differences models serve the same purpose (e.g., they eliminate unobserved time-invariant 

heterogeneity). But they rely on different assumptions with regard to the idiosyncratic error term 휀𝑖𝑡. The fixed effects 

estimator assumes that the differences in levels, 휀𝑖𝑡 − 휀�̅�𝑡, are serially uncorrelated; the first differences estimator as-

sumes serially uncorrelated first differenced errors, ∆휀𝑖𝑡 (Wooldridge, 2013). Since it is not obvious whether the idi-

osyncratic errors are independent and identically distributed (favoring the fixed effects approach), or follow a random 

walk (favoring the first differences estimator), we rely on a first differences approach for validation in model (4). We 

also include firm and year fixed effects to capture any unobserved heterogeneity in first-differenced earnings manage-

ment ∆𝐴𝑏𝑠𝐷𝐴𝑖𝑡 that may result from time-constant firm characteristics and time series trends. In other words, we take 

first differences, and subsequently specify a full fixed effects model. 
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statistically significant 𝐷𝐸𝐺𝑅 coefficient estimates at the 1% level, indicating that firms refrain 

from both types of earnings management as shareholder centrality increases. The presence of 

central investors is associated with a more accurate representation of earnings by reducing 

overstated earnings and increasing understated earnings. In other words, it counteracts income 

smoothing.13 

In terms of economic magnitude, we find that the mitigating effect of investor centrality is 

stronger for the subsample of income-increasing earnings management than for its income-

decreasing counterpart. A 1-standard deviation increase in shareholder centrality reduces income-

increasing and -decreasing abnormal accruals by 8.02% (= −0.064 × 0.179 / 0.143) and 5.48% 

(= −0.055 × 0.170 / 0.172), respectively, relative to the regression sample mean of 𝐴𝑏𝑠𝐷𝐴. 

Overall, this line of analysis supports Hypothesis 1. Our results provide evidence of a 

negative association between firms’ earnings management activities and the degree of 

connectedness among their institutional investors. 

4.2 Identification 

As in related studies, endogeneity is a critical concern for our analyses. In our setup, 

endogeneity is likely to result from the omission of important variables correlated with earnings 

management and network centrality. The second source of endogeneity that violates the exogeneity 

condition is reverse causality. We interpret our finding of a negative relation between 𝐴𝑏𝑠𝐷𝐴 and 

𝐷𝐸𝐺𝑅 as evidence that central institutions mitigate earnings management activities of firms in 

which they are invested. However, an alternative interpretation, in which causality is reversed, is 

 
13 In robustness tests, where we apply a direct measure of income smoothing based on Tucker and Zarowin (2006), 

we find similar results (see Section 5.2). 
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also conceivable. If more central institutions prefer to invest in firms with higher quality earnings, 

we should observe a negative relation between 𝐴𝑏𝑠𝐷𝐴 and 𝐷𝐸𝐺𝑅. To address these potential 

sources of endogeneity, we use two identification strategies: 1) the mutual fund trading scandal, 

and 2) investor distraction. 

4.2.1 Mutual Fund Trading Scandal 

We first follow the literature (Kisin, 2011; Anton and Polk, 2014; Koch et al., 2016; Crane 

et al., 2019; Anton et al., 2020; Bajo et al., 2020), and employ a natural experiment based on the 

2003 mutual fund trading scandal. In September 2003, several fund families accused of illegal late 

trading and market timing practices negotiated settlements with the SEC. When the scandal 

became public, it led to significant reputation-related outflows from the implicated funds, 

beginning in the last quarter of 2003 and continuing through December 2006. Non-involved funds 

experienced inflows during that period (Zitzewitz, 2009; Kisin, 2011; Koch et al., 2016). As a 

result, network ties of implicated institutions were likely to be dissolved (Crane et al., 2019; Bajo 

et al., 2020), leading to significant drops in network centrality, which reduced 𝐷𝐸𝐺𝑅. The scandal 

exposed a negative shock to institutional investor networks that affected some but not all networks, 

and resulted in plausibly exogenous variation in the cross-section of institutional investors (Koch 

et al., 2016; Crane et al., 2019; Bajo et al., 2020). 

We use this variation in firms’ shareholder centrality to identify a causal effect on 𝐴𝑏𝑠𝐷𝐴. 

Following the literature (Anton and Polk, 2014; Bajo et al., 2020), we rely on Qian (2006), McCabe 

(2009), and Zitzewitz (2009) to identify mutual funds that belong to implicated companies. We 

then apply a difference-in-differences design, as in Koch et al. (2016), where pre- and post-

treatment periods contain data from three years prior (2000, 2001, 2002) to three years after (2007, 

2008, 2009) the scandal. We identify treated firms as those with a high percentage of equity owned 
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by scandal funds as of September 2003, i.e., in the quarter before the scandal became public. We 

then formally test: 

𝐴𝑏𝑠𝐷𝐴𝑖𝑡 = 𝛿𝑡 + 𝛽0 + 𝛽1𝑇𝑅𝐸𝐴𝑇𝑖 × 𝑃𝑂𝑆𝑇 + 𝛽2𝑇𝑅𝐸𝐴𝑇𝑖 + 𝛽3𝐷𝐸𝐺𝑅2003𝑄3𝑖
+ 𝛽4𝐹𝐶𝑖𝑡

+ 𝛽5𝐼𝐶𝑖𝑡 + 휀𝑖𝑡 , 
(10) 

where 𝑇𝑅𝐸𝐴𝑇 is a treatment dummy that equals 1 if the firm’s market value held by scandal funds 

scaled by the firm’s total market value is in the top quartile (model (1)) or decile (model (2)) of 

the overall sample, and 0 otherwise; 𝑃𝑂𝑆𝑇 is an indicator for the post-treatment period that equals 

1 for the three years after the scandal, and 0 otherwise; 𝐹𝐶𝑖𝑡 is a vector of firm-level earnings 

management control variables (𝐹𝑆𝐼𝑍𝐸, 𝑂𝑃𝐶𝑌, 𝐶𝐹𝑉𝑂𝐿, 𝑆𝐴𝑉𝑂𝐿, 𝑆𝐺𝑉𝑂𝐿, 𝐿𝐸𝑉, 𝑆𝐺𝑅, 𝐷𝑃𝐴𝑌, 

𝐿𝑂𝑆𝑆, 𝑅𝑂𝐴, and 𝐵𝐼𝐺4), and 𝐼𝐶𝑖𝑡 is a vector of the ownership and network control variables 

(𝐼𝑂𝑊𝑁, 𝐼𝑆𝐼𝑍𝐸, 𝐼𝐻𝐸𝑅𝐹, and 𝐹𝐻𝐸𝑅𝐹) previously used in our baseline regression (see Section 3.6). 

In the spirit of Koch et al. (2016), we also control for the weighted network centrality of firm 𝑖’s 

institutional investors as of September 2003, 𝐷𝐸𝐺𝑅_2003𝑄3. We include year fixed effects, 𝛿𝑡, 

and we cluster standard errors at the firm and year level.14 

Table 4 gives the results. The coefficient estimates on the interaction term 𝑇𝑅𝐸𝐴𝑇 × 𝑃𝑂𝑆𝑇 

are positive and statistically significant regardless of whether we use quartiles (see column (1)) or 

deciles (see column (2)) to identify our treatment. The estimated interaction coefficients of 0.029 

and 0.038 imply that post-crisis 𝐴𝑏𝑠𝐷𝐴 for treated firms increases on average by 18.13% (= 

((0.029 + 0.160) / 0.160) – 1) and 24.06% (= ((0.038 + 0.160) / 0.160) – 1) relative to the post-

crisis sample mean of 𝐴𝑏𝑠𝐷𝐴 (0.160), respectively.  

 
14 As in Koch et al. (2016), we do not include 𝑃𝑂𝑆𝑇 as a stand-alone explanatory variable because we capture heter-

ogeneity from aggregate time series trends via the inclusion of year fixed effects. 
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Firms with a high percentage of equity owned by scandal funds before the scandal, which 

were subject to an exogenous decrease in 𝐷𝐸𝐺𝑅 during the scandal, subsequently experienced 

higher levels of 𝐴𝑏𝑠𝐷𝐴. The negative association between firms’ shareholder centrality and 

earnings management is in line with our baseline findings, and suggests that causality runs from 

centrality (𝐷𝐸𝐺𝑅) to abnormal accruals (𝐴𝑏𝑠𝐷𝑎). 

 

Insert Table 4 about here 

 

Our analysis rests on two crucial assumptions. First, the increase in earnings management 

for treated firms after the scandal is driven by a reduction in weighted centrality during the post 

period. To verify this, we report estimation results from a regression of 𝐷𝐸𝐺𝑅 on 𝑇𝑅𝐸𝐴𝑇, where 

we use data from the post-scandal period only. We confirm that firms held by implicated funds 

experienced a reduction in 𝐷𝐸𝐺𝑅 after the scandal (as indicated by the negative and statistically 

significant coefficient estimate of 𝑇𝑅𝐸𝐴𝑇 in columns (3) and (4)). Second, the treatment and 

control groups exhibited a common trend in 𝐴𝑏𝑠𝐷𝐴 before the scandal, i.e., their difference in 

earnings management is constant over time (parallel trend assumption). To ensure the internal 

validity of the estimation method, we observe their trend in Figure 2, and find that the parallel 

trend assumption is reasonably satisfied. 

Figure 2 also confirms that the average 𝐴𝑏𝑠𝐷𝐴 in the post-scandal period is higher for 

treated firms than for control firms. In the last year before the scandal, treated firms and control 

firms show similar levels of earnings management (e.g., see 𝐴𝑏𝑠𝐷𝐴 in 2002). During the scandal 

(2003 to 2006), the difference between 𝐴𝑏𝑠𝐷𝐴 for treated firms and control firms increased. This 

is plausible, given that the scandal funds were publicly implicated at the beginning of the scandal, 
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and in the following years until 2006. In fact, reputation-related outflows (i.e., our shock to 

network centrality) gradually built up during the 2003-2006 period (Qian, 2006; McCabe, 2009; 

Zitzewitz, 2009; Koch et al., 2016).  

4.2.2 Investor Distraction 

We use exogenous variation in investors’ monitoring effort, based on Kempf et al.’s (2017) 

investor-level distraction measure, to analyze whether the effect of 𝐷𝐸𝐺𝑅 on 𝐴𝑏𝑠𝐷𝐴 is causal. As 

explained in Section 3.3, 𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇 and 𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 capture weighted network centrality 

among firms’ distracted and attentive institutional investors, respectively. To test whether the 

effect of 𝐷𝐸𝐺𝑅 on 𝐴𝑏𝑠𝐷𝐴 is sensitive to investor centrality under exogenous changes in 

monitoring effort, we re-estimate the baseline regression, using 𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇 and 𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 

instead of 𝐷𝐸𝐺𝑅. The results are in Table 5.  

 

Insert Table 5 about here 

 

We begin by using distracted and attentive investor networks as separate determinants. We 

compare a 𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇 coefficient estimate of −0.009, which is insignificant in column (1), to a 

𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 coefficient estimate of −0.062, which is statistically significant at the 1% level in 

column (2). When we include both measures simultaneously in column (3), statistical significance 

increases to 10% and 1%. However, 𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 continues to exceed 𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇 in absolute 

magnitude, with estimated coefficients of −0.070 and −0.026, respectively. 

For reference, we also report the reduced sample estimate of 𝐷𝐸𝐺𝑅 on 𝐴𝑏𝑠𝐷𝐴 in column 

(4), where we do not distinguish between distracted and attentive investors. Despite the reduced 
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sample size, we still observe a 𝐷𝐸𝐺𝑅 coefficient estimate of −0.100, which is statistically 

significant at the 1% level. The aggregate coefficient implies that a 1-standard deviation increase 

in a firm’s overall investor centrality (0.155) reduces earnings management by 9.92% relative to 

the sample mean (= −0.100 × 0.155 / 0.156, where 0.156 is the sample mean of 𝐴𝑏𝑠𝐷𝐴). Less 

than one-third of the total effect can be attributed to networks of distracted investors, which 

attenuate 𝐴𝑏𝑠𝐷𝐴 by only 2.90% relative to the sample mean (= −0.026 × 0.173 / 0.156). In 

contrast, attentive investors exhibit a standardized reduction in earnings management more than 

twice as large, at 7.66% (= −0.070 × 0.172 / 0.156). 

We further conduct a Wald test to verify that the 𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 coefficient exceeds the 

𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇 coefficient in absolute magnitude. With an 𝐹-statistic of 6.93, the test rejects the null 

hypotheses at the 1% level, confirming that attentive as opposed to distracted investor networks 

play a stronger role in mitigating firms’ earnings management. Moreover, with a 𝑡-statistic of 

−4.61 versus −3.76, 𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 exhibits even higher statistical significance than the overall 

𝐷𝐸𝐺𝑅 coefficient, which does not distinguish between distracted and attentive investors.15 

Overall, these results indicate that the effect of investor centrality on earnings management 

is driven by networks of attentive investors rather than by networks of distracted investors. This 

finding supports the view that investor access to information only mitigates earnings management 

when shareholder attention is devoted to the firm (i.e., when shareholders are not distracted and 

exploit information from networks for monitoring purposes). This line of analysis indicates that 

our baseline effect is causal, and lends credence to an information-based relation between network 

centrality and earnings management. 

 
15 The results remain qualitatively similar when we distinguish between distracted and attentive investors using 

top/bottom terciles instead of the median. 
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4.3 Suspect Firms 

Next, to enhance the power of our tests and validate that 𝐴𝑏𝑠𝐷𝐴 captures firms’ earnings 

management activities, we turn to suspect firms. As established by prior literature (Graham et al., 

2005; Roychowdhury, 2006; Cohen et al., 2008), these firms are more likely to engage in earnings 

management because they have incentives to meet or exceed certain benchmarks. Provided that 

𝐴𝑏𝑠𝐷𝑎 appropriately measures earnings management activities, we expect investor centrality to 

play a stronger role in mitigating earnings management among these firms. Therefore, we re-

estimate the baseline model, adding interaction effects between 𝐷𝐸𝐺𝑅 and the three indicators for 

suspect firm-year observations (as specified in Section 3.4). Although firms may be most inclined 

to manage earnings upward to meet or exceed benchmarks, they may also engage in income-

decreasing earnings management to report income that is only slightly above zero to build reserves 

for the future (Roychowdhury, 2006). To account for this possibility, we consider aggregate 

𝐴𝑏𝑠𝐷𝑎 and income-increasing as well as -decreasing accruals. The results are in Table 6. 

 

Insert Table 6 about here 

 

In column (1), we use the 𝑆𝑈𝑆𝑃𝐸𝐶𝑇1 measure, i.e., which indicates firms that may have 

engaged in earnings management just to meet or beat last year’s earnings. Consistent with our 

expectations, we find significantly higher levels of earnings management in this subsample. The 

effect is statistically significant at the 1% level and economically meaningful. The estimated 

𝑆𝑈𝑆𝑃𝐸𝐶𝑇1 coefficient of 0.043 implies that 𝐴𝑏𝑠𝐷𝐴 increases on average by 26.69% if the 

indicator equals 1 (= ((0.043 + 0.161) / 0.161) – 1), where 0.161 is the sample mean of 𝐴𝑏𝑠𝐷𝐴). 

Examining the 𝐷𝐸𝐺𝑅 × 𝑆𝑈𝑆𝑃𝐸𝐶𝑇1 coefficient estimate, we further find that investor centrality 
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plays a stronger role in mitigating earnings management. The average effect of 𝐷𝐸𝐺𝑅 on 𝐴𝑏𝑠𝐷𝐴 

among these suspect firms more than doubles in magnitude ((−0.088−0.061) / (−0.061) = 2.448). 

The coefficient is statistically significant at the 1% level.  

Similarly, in column (2), where we focus on 𝑆𝑈𝑆𝑃𝐸𝐶𝑇2, we find that firms that meet or 

beat analysts’ consensus forecasts by $0.01 show 10.93% (= ((0.018 + 0.161) / 0.161) −1) higher 

average levels of earnings management. The effect of 𝐷𝐸𝐺𝑅 on 𝐴𝑏𝑠𝐷𝐴 almost doubles in 

magnitude ((−0.048−0.061) / (−0.061) = 1.784). We find qualitatively similar results for the 

𝑆𝑈𝑆𝑃𝐸𝐶𝑇3 measure in column (3). 

In columns (4) and (5), we analyze income-increasing and -decreasing earnings 

management, respectively. Suspect firms engage in both upward and downward earnings 

management. For income-increasing earnings management, suspect firms show an average 

increase in 𝐴𝑏𝑠𝐷𝐴 of 23.51% (= ((0.034 + 0.143) / 0.143) −1), while the corresponding effect for 

income-decreasing earnings management is lower, at 11.64% (= ((0.020 + 0.172) / 0.172) −1). 

Moreover, the presence of central investors is associated with a decline in both earnings-increasing 

and -decreasing earnings management. Again, the decline is about twice as large for suspect firms 

than non-suspect firms. 

These results suggest that firms are more likely to engage in earnings management if they 

have incentives to meet or exceed certain benchmarks, which provides construct validity for our 

measure of 𝐴𝑏𝑠𝐷𝐴. Shareholder centrality has an even more important role in limiting earnings 

management in such companies. Overall, we find that well-connected investors can better detect 

and constrain earnings management among suspects, presumably because of the informational 

advantages they attain through institutional networks. 
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4.4 Heterogeneity across Investor Types 

Turning to Hypothesis 2, we test whether the effect of shareholder centrality on earnings 

management is stronger among investors with comparative advantages in exploiting monitoring 

information. To this end, we re-estimate our baseline regression using aggregate measures of 

degree centrality among heterogeneous investor types. We provide the results in Table 7. 

 

Insert Table 7 about here 

 

In column (1), we use 𝐷𝐸𝐺𝑅_𝐼𝑁𝐷 and 𝐷𝐸𝐺𝑅_𝐺𝑅𝐸𝑌 simultaneously, and observe 

statistically significant coefficient estimates at the 1% and 5% levels, respectively. As expected, 

networks of independent as opposed to grey investors exhibit stronger effects on 𝐴𝑏𝑠𝐷𝐴. A 1-

standard deviation increase in the network of independent investors is associated with a 5.00% 

decline in earnings management (= −0.047 × 0.163 / 0.153) relative to the sample mean. The 

corresponding effect for networks of grey investors is lower at 3.07% (= −0.027 × 0.176 / 0.153).  

In column (2), we use 𝐷𝐸𝐺𝑅_𝐿𝑇 and 𝐷𝐸𝐺𝑅_𝑆𝑇, and find statistically significant effects at 

the 1% and 10% levels, respectively. With standardized effect sizes of 6.17% (= −0.055 × 0.175 

/ 0.157) versus 2.34% (= −0.024 × 0.153 / 0.157), networks of long-term institutions attenuate 

𝐴𝑏𝑠𝐷𝐴 considerably more than networks of short-term institutions.  

Finally, in column (3), we differentiate between 𝐷𝐸𝐺𝑅_𝐷𝑂𝑀 and 𝐷𝐸𝐺𝑅_𝐹𝑂𝑅. Consistent 

with our expectations, we observe stronger effects of domestic vis-à-vis foreign investor networks 

on earnings management. Standardized magnitudes amount to 6.86% (= −0.114 × 0.109 / 0.181) 

and 4.57% (= −0.034 × 0.245 / 0.181), respectively. 
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We also conduct Wald tests to verify that the 𝐷𝐸𝐺𝑅 coefficients among investors with a 

comparative advantage in exploiting information (independent, long-term, and domestic investors) 

exceed those of their counterparts (grey, short-term, and foreign investors) in absolute magnitude. 

Except for column (1), the test rejects the null hypothesis with 𝑝-values close to the 5% level. 

Overall, our results support Hypothesis 2, and suggest that information obtained through networks 

predominantly translates into reduced earnings management for institutions that actively use 

information to deter managerial opportunism. 

4.5 Central Investors’ Voting Behavior 

We estimate various proposal-level logistic regressions to test Hypothesis 3, suggesting 

that central investors exercise governance via voice. Following Bauer et al. (2015), we include 

industry and year fixed effects, and we cluster standard errors at the firm level. The regression 

results are presented in Table 8. As explained above, there are three possible resolution outcomes, 

each indicating a different level of shareholder activism. Withdrawn proposals (𝑊𝐼𝐷𝑅) and not 

voted proposals (𝐹𝐼𝑉𝑂) denote the highest level of shareholder activism; omitted proposals 

(𝑂𝑀𝐼𝑇) denote the lowest role of governance via voice. 

We begin by investigating which factors lead to the omission of shareholder proposals. In 

column (1), we regress 𝑂𝑀𝐼𝑇 on 𝐷𝐸𝐺𝑅 and the vector of control variables 𝑃𝐶. We observe that 

shareholder proposals are significantly less likely to be omitted if the proponent is an institution, 

in line with previous findings (Bauer et al., 2015). The 𝐷𝐸𝐺𝑅 coefficient is negative but 

insignificant, indicating no role of shareholder connectedness for the omission of proposals. Next, 

we estimate the same specification but add an interaction term 𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 × 𝐷𝐸𝐺𝑅 to the model. 

As can be seen in column (2), the coefficient on 𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 turns insignificant, while the 
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coefficient on the interaction term 𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 × 𝐷𝐸𝐺𝑅 is negative and statistically significant at 

the 1% level. We conclude that proposals filed by institutions are less likely to be omitted by 

management if the firm’s institutional investors are well connected. 

 

Insert Table 8 about here 

 

Columns (3) and (4) examine withdrawn proposals. We re-estimate the regressions in 

columns (1) and (2), but with 𝑊𝐼𝐷𝑅 as the dependent variable. In line with Bauer et al. (2015), 

we observe that proposals are more likely to be withdrawn if they are sponsored by institutional 

investors (column (3)). In column (4), the coefficient on 𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 is insignificant, while the 

interaction 𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 × 𝐷𝐸𝐺𝑅 is positive and statistically significant at the 10% level. This 

suggests that institutional investors only enforce the withdrawal of shareholder proposals if they 

are centrally located in the network.  

Finally, we analyze the factors determining the probability of proposals being put to a final 

vote (𝐹𝐼𝑉𝑂). In a model without interaction effects (column (5)), neither 𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 nor 𝐷𝐸𝐺𝑅 

shows statistical significance. However, when we add the interaction effect (column (6)), its 

coefficient becomes positive, while the coefficient of 𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 is negative. Both are 

statistically significant at the 5% level. We conclude that proposals are less likely to reach a final 

vote stage if institutional investors file them. However, in the case of well-connected institutional 

investors, the coefficient changes in sign, i.e., the probability of reaching the final vote stage, 

increases. 

Overall, proposals filed by institutional investors are less likely to be omitted, but more 

likely to be withdrawn or put to a final vote, provided a firm’s institutional shareholders are well 
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connected. This line of analysis supports Hypothesis 3, and lends credence to the notion that central 

investors exercise governance via voice. 

5   Robustness 

5.1 Alternative Network Measures and Weighting Schemes 

In our main analyses, we proxy for the level of connectedness of a firm’s representative 

shareholder using scaled degree centrality (𝐷𝐸𝐺𝑅). We aggregate this to the firm level using 

Kempf et al.’s (2017) weighting scheme. Acknowledging that alternative network measures and 

weighting schemes are prevalent in the literature, we provide several robustness tests. 

To alleviate concerns about the choice of 𝐷𝐸𝐺𝑅 as our proxy for firms’ shareholder 

connectedness, we re-estimate the baseline regression (see Equation (9)) and use alternative 

network measures (but the same weighting scheme; KMS weighting). We tabulate the results in 

Panel A of Table 9. We employ unscaled degree centrality 𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶 (see Equation (2)), 

eigenvector centrality 𝐸𝐼𝑉𝐸𝐶 (Equation (4)), closeness centrality 𝐶𝐿𝑂𝑆𝐸 (see Equation (5)), and 

betweenness centrality 𝐵𝐸𝑇𝑊 (Equation (6)) as alternative network measures. The regression 

results are in columns (1) to (4). In line with our baseline findings, we observe negative and 

statistically significant coefficient estimates across all four alternative network centrality 

measures. This indicates a robust association between investor networks and earnings 

management. 

 

Insert Table 9 about here 
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Next, we address potential concerns about the weighting scheme used to aggregate network 

measures from the investor to the firm level. In our main analyses, we adopt Kempf et al.’s  (2017) 

weighting scheme, which depends on the importance of the investor to the firm and the importance 

of the firm to the investor. For robustness, we re-estimate our main model and regress 𝐴𝑏𝑠𝐷𝑎 on 

all five network centrality measures and controls, but with holding-weighting as an alternative 

scheme. The results are in Panel B of Table 9. The estimated coefficients of the four alternative 

measures (in columns (5) to (8)), as well as our main network centrality measure (𝐷𝐸𝐺𝑅, in column 

(9)), remain negative and statistically significant throughout all specifications. Overall, these 

results indicate that the association between earnings management and investor networks is not 

sensitive to alternative network measures or to alternative weighting schemes (or the combination 

thereof). 

5.2 Alternative Earnings Management Proxies 

In our main analyses, we use the Jones (1991) model as modified by Dechow et al. (1995) 

and adjusted for performance by Kothari et al. (2005). Although this model is widely used in the 

accounting literature, it assumes that the accrual generation processes are similar for firms within 

the same industry. Owens et al. (2017) note that the intra-industry homogeneity assumption may 

be violated if regulatory changes lead to idiosyncratic shocks that affect firms in the same industry 

differently. 

To alleviate any concerns about shock-based misspecifications, we adopt Owens et al.’s 

(2017) extension. We implement the same procedure as for the performance-adjusted modified 

Jones model (see Section 3.1), but we obtain the absolute value of residuals from an extended 

model (𝐴𝑏𝑠𝐷𝐴_𝑂𝑊𝑍) that incorporates a proxy for idiosyncratic shock as an additional 

explanatory variable: 
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𝑇𝐴𝑖𝑡 = 𝛼1

1

𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1
+ 𝛼2

∆𝑆𝑎𝑙𝑒𝑠𝑖𝑡 − ∆𝐴𝑅𝑖𝑡

𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1
+ 𝛼3

𝑃𝑃𝐸𝑖𝑡

𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1
+ 𝛼4

𝐼𝐵𝑋𝐼𝑖𝑡

𝐴𝑠𝑠𝑒𝑡𝑖𝑡−1
+ 𝛼5𝐼𝑆𝑖𝑡

+ 휀𝑖𝑡 , 

(11) 

where 𝐼𝑆𝑖𝑡 is the mean squared error from regressing firm monthly returns on industry and market 

monthly returns, using data from years 𝑡 − 1 to 𝑡. 

To test whether the effect of investor networks on earnings management is sensitive to the 

inclusion of idiosyncratic shocks in estimating abnormal accruals, we re-run our baseline 

regression (see Equation (9)), but with 𝐴𝑏𝑠𝐷𝐴_𝑂𝑊𝑍 as an alternative dependent variable. The 

results are in column (1) of Table 10. The coefficient estimate of 𝐷𝐸𝐺𝑅 remains negative, 

statistically significant at the 1% level, and qualitatively unchanged in economic significance. 

 

Insert Table 10 about here 

 

Next, we verify our results by using a measure of accruals quality instead of earnings 

management. Note that earnings management relates to managers’ intentional and opportunistic 

use of discretionary accruals to window-dress or mislead users of financial statements. Accruals 

quality, in contrast, is determined not only by managerial opportunism but also by firm and 

industry fundamental characteristics (Dechow and Dichev, 2002). To capture accruals quality 

(𝐴𝑄_𝐷𝐷), we adopt the model of Dechow and Dichev (2002), modified by McNichols (2002), and 

estimate the following annual cross-sectional regressions: 

Δ𝑊𝐶𝑖𝑡 = 𝑏0 + 𝑏1𝐶𝐹𝑖𝑡−1 + 𝑏2𝐶𝐹𝑖𝑡 + 𝑏3𝐶𝐹𝑖𝑡+1 + 𝑏4Δ𝑠𝑎𝑙𝑒𝑠𝑖𝑡 + 𝑏5𝑃𝑃𝐸𝑖𝑡 + 휀𝑖𝑡 , (12) 

where Δ𝑊𝐶𝑖𝑡 is firm 𝑖’s change in working capital in year 𝑡 from year 𝑡 − 1, measured as the 

change in accounts receivable in year 𝑡 from year 𝑡 − 1, plus the change in inventory in year 𝑡 
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from year 𝑡 − 1, minus the change in accounts payable in year 𝑡 from year 𝑡 − 1, minus the change 

in tax payable in year 𝑡 from year 𝑡 − 1, plus the change in other net assets net of liabilities in year 

𝑡 from year 𝑡 − 1, all scaled by average assets; and 𝐶𝐹𝑖𝑡−1 is cash flow from operations in year 

𝑡 − 1. Finally, 휀𝑖𝑡 is the residual, whose standard deviation over the past five years, labeled as 

𝐴𝑄_𝐷𝐷, is used to capture the quality of earnings. As shown in column (2), when re-estimating 

the baseline model using this measure of earnings quality as the dependent variable, the coefficient 

estimate of 𝐷𝐸𝐺𝑅 remains negative and statistically significant. 

Furthermore, we examine whether the relation between earnings management and investor 

centrality extends to another important measure of earnings properties, namely, income smoothing 

(𝐼𝑁𝐶𝑆𝑀𝑂). Following Tucker and Zarowin (2006) and Leuz et al. (2003), we compute 𝐼𝑁𝐶𝑆𝑀𝑂 

as the negative correlation between changes in discretionary accruals (measured over the current 

year) and changes in pre-discretionary income (measured over the past four years) for each firm. 

A negative correlation indicates that firms engage in income smoothing. We re-estimate the 

baseline regression, and provide the results in column (3). Reinforcing our main inferences, we 

observe a negative coefficient estimate on 𝐼𝑁𝐶𝑆𝑀𝑂, statistically significant at the 1% level. 

Finally, we examine the impact of network centrality on real earnings management. The 

extant literature shows that managers may manipulate earnings through accruals and real 

transactions by, e.g., altering the timing and scope of investments, production, and sales (Ewert 

and Wagenhofer, 2005; Graham et al., 2005; Roychowdhury, 2006; Cohen et al., 2008; Cohen and 

Zarowin, 2010). Managers may prefer to manage earnings through real operating decisions 

because they are less likely to be detected by regulators and auditors (Roychowdhury, 2006; Cohen 

et al., 2008; Gunny, 2010; Zang, 2012; Gunny, 2013). Despite potentially suboptimal business 
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outcomes, this behavior can be costly for manipulating firms (Ewert and Wagenhofer, 2005; Zang, 

2012; Kothari et al., 2016). 

Acknowledging that earnings management is not limited to manipulating accruals, we 

construct a measure of real earnings management composed of three dimensions of real activities 

manipulation (Roychowdhury, 2006; Chan et al., 2015): abnormal discretionary expenses, 

abnormal production, and abnormal cash flow. To capture these three dimensions, we estimate the 

following industry-year regressions for each dimension, and compute the deviations from 

predicted values: 

1. Abnormal discretionary expenses (𝐴𝐵𝐸𝑥𝑝𝑖𝑡), where discretionary expenses 

(𝐷𝐼𝑆𝑃𝐸𝑋𝑃𝑖𝑡) are research and development expenses plus selling, general, and 

administrative expenses (in line with the literature, we replace missing values with 0): 

𝐷𝐼𝑆𝑃𝐸𝑋𝑃𝑖𝑡

𝑇𝐴𝑖𝑡−1
= 𝛼0 + 𝛼1 +

1

𝑇𝐴𝑖𝑡−1
+ 𝛼2 +

𝑆𝑎𝑙𝑒𝑠𝑖𝑡

𝑇𝐴𝑖𝑡−1
+ 휀𝑖𝑡 . (13) 

2. Abnormal production costs (𝐴𝐵𝑃𝑟𝑜𝑑𝑖𝑡), where production costs (𝑃𝑅𝑂𝐷𝑖𝑡) is cost of 

goods sold plus change in inventories: 

𝑃𝑅𝑂𝐷𝑖𝑡

𝑇𝐴𝑖𝑡−1
=  𝛼0 + 𝛼1

1

𝑇𝐴𝑖𝑡−1
+ 𝛼2

𝑆𝑎𝑙𝑒𝑠𝑖𝑡

𝑇𝐴𝑖𝑡−1
+ 𝛼3

Δ𝑆𝑎𝑙𝑒𝑠𝑖𝑡

𝑇𝐴𝑖𝑡−1
+ 𝛼4

Δ𝑆𝑎𝑙𝑒𝑠𝑖𝑡−1

𝑇𝐴𝑖𝑡−1
+ 휀𝑖𝑡. (14) 

3. Abnormal cash flow from operations (𝐴𝐵𝐶𝑎𝑠ℎ𝑖𝑡): 

𝐶𝐹𝑂𝑖𝑡

𝑇𝐴𝑖𝑡−1
=  𝛼0 + 𝛼1

1

𝑇𝐴𝑖𝑡−1
+ 𝛼2

𝑆𝑎𝑙𝑒𝑠𝑖𝑡

𝑇𝐴𝑖𝑡−1
+ 𝛼3

Δ𝑆𝑎𝑙𝑒𝑠𝑖𝑡

𝑇𝐴𝑖𝑡−1
+ 휀𝑖𝑡. (15) 
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Finally, as in Roychowdhury (2006) and Chan et al. (2015), we obtain our measure of real 

earnings management (𝑅𝐸𝑀𝑖𝑡) by aggregating the three individual dimensions (i.e., the deviations 

from the predicted values): 

𝑅𝐸𝑀𝑖𝑡 = 𝐴𝐵𝐸𝑥𝑝𝑖𝑡 + (−1)𝐴𝐵𝑃𝑟𝑜𝑑𝑖𝑡 + (−1)𝐴𝐵𝐶𝑎𝑠ℎ𝑖𝑡 . (16) 

As column (4) shows, the estimated 𝐷𝐸𝐺𝑅 coefficient remains negative and statistically 

significant at the 1% level when we re-estimate the baseline regression model using real earnings 

management (𝑅𝐸𝑀𝑖𝑡) as the dependent variable. 

6   Conclusion 

Drawing from the literature on social network analysis, we extend the literature on earnings 

management. We propose institutional investor centrality as a novel determinant of earnings 

management, whose explanatory power is incremental to traditional proxies for institutional 

monitoring. Specifically, we show that well-connected institutional shareholders reduce a firm’s 

earnings management. This finding is robust to alternative measures of network centrality and 

earnings properties, and extends to real earnings management. Using plausibly exogenous 

variation in network centrality and monitoring intensity, the observed effect seems to be causal. 

The strongest effects are observed for “suspect” firms with special incentives to manipulate 

earnings, and for investors with advantages in exploiting monitoring-relevant information.  

These results provide credence to an information-based explanation. In particular, they 

suggest that central institutional investors obtain an information advantage through networks 

formed by shareholdings in common firms. This increases their monitoring effectiveness and 
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eventually reduces earnings management. Finally, we observe that central institutions exploit their 

information advantage by engaging in governance via voice. 

Our results emphasize the role of institutional investor networks as a corporate governance 

mechanism that can influence accounting quality and shed light on how investors obtain valuable 

information for monitoring. The findings have implications for academics and practitioners alike. 

For academics, they shed light on how institutions obtain information through investor networks, 

and suggest that studies on reporting quality should incorporate network-based proxies to avoid 

model misspecification. For practitioners, our findings identify a novel determinant of institutional 

investor monitoring and, more specifically, the quality of financial reporting. 
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TABLES AND FIGURES 

 

Table 1: Summary statistics 

This table provides descriptive statistics for the main variables used in the study. It reports number of observations 

(𝑁), mean, standard deviation (SD), 25th percentile (P25), median, and 75th percentile (P75). Panels A and B report 

the summary statistics of the key variables used in our firm-level and shareholder proposal analyses, respectively. All 

continuous variables are winsorized at the 1% and 99% tails to constrain the impact of outliers. The sample consists 

of 66,448 firm-year observations (representing 6,870 unique firms) over the 1990-2019 period. For a detailed 

description of the data, see Table A1 in the Appendix. 

 

 

 

 

 

 

 

 

 

 

 

 𝑁 Mean SD P25 Median P75 

Panel A: Firm-level analyses 

 
Dependent variables: 

𝐴𝑏𝑠𝐷𝐴 66,448 0.161 0.278 0.029 0.071 0.165 

𝐴𝑏𝑠𝐷𝐴_𝑂𝑊𝑍 59,331 0.071 0.081 0.020 0.046 0.090 

𝐴𝑄_𝐷𝐷 60,259 0.107 0.191 0.017 0.044 0.108 

𝐼𝑁𝐶𝑆𝑀𝑂 51,137 -0.005 0.547 -0.469 0.002 0.454 

𝑅𝐸𝑀 66,448 0.224 0.417 0.042 0.094 0.211 

       

Explanatory variables: 

𝐷𝐸𝐺𝑅 66,448 0.423 0.175 0.309 0.415 0.538 

𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶 66,448 729.927 264.005 580.989 723.061 877.906 

𝐸𝐼𝑉𝐸𝐶 66,448 0.046 0.013 0.041 0.047 0.053 

𝐶𝐿𝑂𝑆𝐸 66,448 0.638 0.124 0.589 0.639 0.702 

𝐵𝐸𝑇𝑊 66,448 0.009 0.006 0.005 0.007 0.011 

𝐹𝑆𝐼𝑍𝐸 (in mil. $) 66,448 2,542.912 7,150.839 62.058 283.504 1,400.058 

       

Control variables: 

𝑂𝑃𝐶𝑌 66,448 0.011 0.031 0.004 0.006 0.008 

𝐶𝐹𝑉𝑂𝐿 66,448 0.109 0.150 0.035 0.063 0.118 

𝑆𝐴𝑉𝑂𝐿 66,448 0.202 0.199 0.076 0.139 0.252 

𝑆𝐺𝑉𝑂𝐿 66,448 0.384 0.983 0.081 0.156 0.302 

𝐿𝐸𝑉 66,448 0.192 0.198 0.008 0.148 0.304 

𝑆𝐺𝑅 66,448 0.121 0.353 -0.029 0.066 0.191 

𝐷𝑃𝐴𝑌 66,448 0.049 0.284 0.000 0.000 0.002 

𝐿𝑂𝑆𝑆 66,448 0.168 0.374 0.000 0.000 0.000 

𝑅𝑂𝐴 66,448 0.070 0.207 0.052 0.111 0.166 

𝐵𝐼𝐺4 66,448 0.802 0.398 1.000 1.000 1.000 

𝐼𝑂𝑊𝑁 66,448 0.379 0.258 0.143 0.369 0.601 

𝐼𝑆𝐼𝑍𝐸 (in mil. $) 66,448 23,103.319 29,030.745 5,950.320 14,299.281 28,904.618 

𝐼𝐻𝐸𝑅𝐹 66,448 0.019 0.026 0.008 0.012 0.017 

𝐹𝐻𝐸𝑅𝐹 66,448 0.210 0.252 0.049 0.097 0.260 
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Table 1 (continued) 
 𝑁 Mean SD P25 Median P75 

Panel B: Proposal-level analyses 

 
Dependent variables: 

𝑂𝑀𝐼𝑇 8,173 0.160 0.367 0.000 0.000 0.000 

𝑊𝐼𝐷𝑅 8,173 0.235 0.424 0.000 0.000 0.000 

𝐹𝐼𝑉𝑂 8,173 0.260 0.439 0.000 0.000 1.000 

 

Explanatory variable: 

𝐷𝐸𝐺𝑅 8,173 0.188 0.069 0.133 0.176 0.231 

 

Control variables: 

𝐼𝑂𝑊𝑁_𝑇𝑅𝐴 8,173 0.100 0.070 0.049 0.085 0.137 

𝐼𝑂𝑊𝑁_𝐷𝐸𝐷 8,173 0.020 0.036 0.000 0.002 0.026 

𝐼𝑂𝑊𝑁_𝑄𝐼𝑋 8,173 0.335 0.144 0.264 0.354 0.429 

𝐹𝑆𝐼𝑍𝐸 (in mil. $) 8,173 59,227.671 81,126.736 7,750.998 27,387.686 67,598.023 

𝐿𝐸𝑉 8,173 0.249 0.156 0.147 0.232 0.329 

𝐼𝑆𝐼𝑍𝐸 (in mil. $) 8,173 57,136.608 44,701.842 33,299.086 47,965.777 66,668.109 

𝐼𝐻𝐸𝑅𝐹 8,173 0.019 0.027 0.010 0.012 0.017 

𝐹𝐻𝐸𝑅𝐹 8,173 0.045 0.035 0.027 0.035 0.048 

𝐶𝐴𝑃𝐸𝑋 8,173 3,427.196 5,674.217 294.000 1,123.000 3,396.000 

𝐷𝑌𝐼𝐸𝐿𝐷 8,173 0.021 0.018 0.008 0.020 0.031 

𝑁𝑃𝑀𝐴𝑅𝐺 8,173 0.074 0.127 0.033 0.075 0.126 

𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 8,173 0.323 0.467 0.000 0.000 1.000 

𝑆𝑃𝑂𝑁_𝐼𝑁𝐷 8,173 0.302 0.459 0.000 0.000 1.000 

𝑆𝑃𝑂𝑁_𝑈𝑁𝐼 8,173 0.098 0.298 0.000 0.000 0.000 

𝑆𝑃𝑂𝑁_𝐴𝐶𝑇 8,173 0.140 0.347 0.000 0.000 0.000 

𝐶𝐵𝑂𝐴𝑅𝐷 8,173 0.174 0.379 0.000 0.000 0.000 

𝐷𝐶𝑆𝑇𝑂 8,173 0.043 0.203 0.000 0.000 0.000 

𝑃𝑃𝐼𝐿𝐿 8,173 0.066 0.248 0.000 0.000 0.000 

𝐺𝑃𝐴𝑅𝐴 8,173 0.530 0.499 0.000 1.000 1.000 

𝐶𝐺𝑃𝑅𝑂 8,173 0.566 0.496 0.000 1.000 1.000 

𝐶𝑆𝑅𝑃𝑅𝑂 8,173 0.422 0.494 0.000 0.000 1.000 
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Table 2: Investor-level correlations 

This table shows pairwise correlation coefficients among investor-level network centrality measures and portfolio 

characteristics. Network measures are comprised of: degree centrality scaled by network potential (𝐷𝐸𝐺𝑅), unscaled 

degree centrality (𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶), eigenvector centrality (𝐸𝐼𝑉𝐸𝐶), closeness centrality (𝐶𝐿𝑂𝑆𝐸), and betweenness 

centrality (𝐵𝐸𝑇𝑊). Institutional investor portfolio characteristics include number of stocks (𝑁𝑆𝑇𝑂), total assets 

reported in 13-F filings (𝐼𝑆𝐼𝑍𝐸), and portfolio Herfindahl measure (𝐼𝐻𝐸𝑅𝐹). The coefficients were calculated over 

the sample period from 1990 through 2019. 𝑝-values are in parentheses. Pairwise correlation coefficients that differ 

significantly from zero at the 1%, 5%, and 10% levels are denoted by ∗∗∗, ∗∗, and ∗, respectively. For a detailed 

description of the data, see Table A1 in the Appendix. 
 (1) (2) (3) (4) (5) (6) (7) (8) 

 
Network centralities: 

𝐷𝐸𝐺𝑅 1.000        
         
         

𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶 0.884*** 1.000       

 (0.000)        
         

𝐸𝐼𝑉𝐸𝐶 0.945*** 0.918*** 1.000      

 (0.000) (0.000)       
         

𝐶𝐿𝑂𝑆𝐸 0.715*** 0.633*** 0.701*** 1.000     

 (0.000) (0.000) (0.000)      
         

𝐵𝐸𝑇𝑊 0.619*** 0.668*** 0.501*** 0.436*** 1.000    

 (0.000) (0.000) (0.000) (0.000)     
         

Portfolio characteristics: 

𝑁𝑆𝑇𝑂 0.589*** 0.664*** 0.550*** 0.400*** 0.646*** 1.000   

 (0.000) (0.000) (0.000) (0.000) (0.000)    
         

𝐼𝑆𝐼𝑍𝐸 0.569*** 0.625*** 0.628*** 0.439*** 0.347*** 0.521*** 1.000  

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)   
         

𝐼𝐻𝐸𝑅𝐹 -0.237*** -0.230*** -0.271*** -0.146*** -0.081*** -0.193*** -0.363*** 1.000 
 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)  
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Table 3: Investor networks and earnings management 

This table reports estimation results of fixed effects (FE) and first differences (FD) regressions of 𝐴𝑏𝑠𝐷𝐴 on 𝐷𝐸𝐺𝑅. 

No control variables are included in model (1). In models (2) and (3), we add the vector of firm control variables 𝐹𝐶 
(𝐹𝑆𝐼𝑍𝐸, 𝑂𝑃𝐶𝑌, 𝐶𝐹𝑉𝑂𝐿, 𝑆𝐴𝑉𝑂𝐿, 𝑆𝐺𝑉𝑂𝐿, 𝐿𝐸𝑉, 𝑆𝐺𝑅, 𝐷𝑃𝐴𝑌, 𝐿𝑂𝑆𝑆, 𝑅𝑂𝐴, 𝐵𝐼𝐺4) and investor control variables 𝐼𝐶 

(𝐼𝑂𝑊𝑁, 𝐼𝑆𝐼𝑍𝐸, 𝐼𝐻𝐸𝑅𝐹, 𝐹𝐻𝐸𝑅𝐹), respectively. Specification (3) represents our baseline model. In column (4), we 

re-run the baseline model with a first differences instead of a fixed effects estimator. In columns (5) and (6), we use 

signed values of discretionary accruals (𝐷𝐴) to divide the sample into income-increasing (𝐷𝐴 > 0) and -decreasing 

earnings management (𝐷𝐴 < 0). We include year and firm fixed effects in all models to capture unobserved 

heterogeneity due to aggregate time series trends and time-constant firm characteristics. Standard errors are clustered 

at the firm level. The sample consists of 66,448 firm-year observations from 6,870 firms over the 1990-2019 period. 

𝑡-statistics are in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. 

Variable definitions are provided in Table A1 in the Appendix.
 (1) (2) (3) (4) (5) (6) 
 FE FE FE FD FE, 𝐷𝐴 > 0 FE, 𝐷𝐴 < 0 

 Dependent variable: 𝐴𝑏𝑠𝐷𝐴 

       
𝐷𝐸𝐺𝑅 -0.064*** -0.054*** -0.063*** -0.051** -0.064*** -0.055*** 
 (-4.98) (-4.29) (-4.49) (-2.58) (-3.01) (-2.74) 
       

𝐹𝑆𝐼𝑍𝐸  -0.005* -0.007** 0.078*** -0.000 -0.013*** 
  (-1.80) (-2.21) (9.06) (-0.03) (-3.44) 
       

𝑂𝑃𝐶𝑌  0.020 0.021 0.356 0.017 -1.178* 
  (0.07) (0.07) (0.70) (0.04) (-1.65) 
       

𝐶𝐹𝑉𝑂𝐿  0.194*** 0.195*** 0.208*** 0.188*** 0.167*** 
  (10.10) (10.16) (6.01) (6.60) (6.59) 
       

𝑆𝐴𝑉𝑂𝐿  0.052*** 0.052*** 0.008 0.085*** 0.040*** 
  (4.83) (4.85) (0.45) (4.91) (3.17) 
       

𝑆𝐺𝑉𝑂𝐿  -0.002 -0.002 0.007 -0.004 -0.003 
  (-0.91) (-0.89) (1.48) (-1.29) (-0.79) 
       

𝐿𝐸𝑉  -0.000 0.002 -0.009 -0.002 0.007 
  (-0.02) (0.19) (-0.51) (-0.10) (0.56) 
       

𝑆𝐺𝑅  0.053*** 0.053*** 0.023*** 0.033*** 0.068*** 
  (11.19) (11.16) (3.72) (4.95) (9.72) 
       

𝐷𝑃𝐴𝑌  0.051 0.051 0.015 0.038 0.191** 
  (1.62) (1.61) (0.27) (0.77) (2.45) 
       

𝐿𝑂𝑆𝑆  -0.003 -0.002 0.012* 0.007 0.007 
  (-0.49) (-0.39) (1.67) (0.83) (0.87) 
       

𝑅𝑂𝐴  -0.008 -0.008 0.074*** -0.132*** 0.088*** 
  (-0.46) (-0.47) (3.25) (-5.49) (3.76) 
       

𝐵𝐼𝐺4  -0.003 -0.004 0.010 -0.000 -0.020** 
  (-0.54) (-0.66) (0.85) (-0.05) (-2.25) 
       

𝐼𝑂𝑊𝑁   0.016* 0.027** 0.025* 0.004 
   (1.91) (2.45) (1.96) (0.35) 
       

𝐼𝑆𝐼𝑍𝐸   0.002 0.001 0.001 0.001 
   (0.92) (0.59) (0.41) (0.28) 
       

𝐼𝐻𝐸𝑅𝐹   -0.142** -0.159 0.109 -0.238*** 
   (-2.19) (-1.55) (1.00) (-2.83) 
       

𝐹𝐻𝐸𝑅𝐹   0.006 0.017 0.006 0.011 
   (0.54) (1.16) (0.42) (0.72) 
       

Year FE Yes Yes Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes Yes Yes 

Adjusted 𝑅2 0.290 0.300 0.300 0.018 0.408 0.296 

Observations 66,448 66,448 66,448 57,724 23,012 41,357 
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Table 4: Difference-in-differences: Mutual fund scandal 

This table reports difference-in-differences estimation results where we use a shock to 𝐷𝐸𝐺𝑅 to establish a causal 

relationship with 𝐴𝑏𝑠𝐷𝐴. As a source of plausibly exogenous variation in 𝐷𝐸𝐺𝑅, we rely on the 2003 mutual fund 

scandal, which lasted from September 2003 through December 2006. The table provides estimation results from 

pooled OLS regressions of 𝐴𝑏𝑠𝐷𝐴 on treatment firms versus control firms both before and after the scandal. We use 

year-end data from three years prior to the scandal (2000, 2001, 2002) and three years after the end of the scandal 

(2007, 2008, 2009). The treatment group consists of firms with a high percentage of equity owned by scandal funds 

as of September 2003, i.e., in the quarter before the scandal became public. Our treatment identifier, 𝑇𝑅𝐸𝐴𝑇, equals 

1 if the firm’s market value held by scandal funds scaled by firm total market value is in the top quartile (models (1) 

and (3)) or decile (models (2) and (3)), respectively, and 0 otherwise. 𝑃𝑂𝑆𝑇 is an indicator variable that equals 1 for 

the three years after the end of the scandal (2007, 2008, 2009), and 0 otherwise. In all regression specifications, we 

include the vector of firm control variables 𝐹𝐶 and investor control variables 𝐼𝐶, as previously applied in our baseline 

regression (see column (3) of Table 3). We further control for the weighted network centrality of the firm’s institutional 

investors as of September 2003, 𝐷𝐸𝐺𝑅_2003𝑄3. Note that we do not include 𝑃𝑂𝑆𝑇 as a stand-alone explanatory 

variable since we include year fixed effects to capture heterogeneity resulting from aggregate time series trends. 

Columns (3) and (4) report estimation results from regressions of 𝐷𝐸𝐺𝑅 on 𝑇𝑅𝐸𝐴𝑇 and the set of control variables. 

Standard errors are clustered at the firm and year level. 𝑡-statistics are in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical 

significance at the 1%, 5%, and 10% levels, respectively. Variable definitions are provided in Table A1 in the 

Appendix. 

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

                          

𝑇𝑅𝐸𝐴𝑇 is  

top quartile 

𝑇𝑅𝐸𝐴𝑇 is  

top decile 

𝑇𝑅𝐸𝐴𝑇 is  

top quartile 

𝑇𝑅𝐸𝐴𝑇 is  

top decile 

 Dependent variable: 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐷𝐸𝐺𝑅 𝐷𝐸𝐺𝑅 

     
𝑇𝑅𝐸𝐴𝑇 × 𝑃𝑂𝑆𝑇              0.029* 0.038*   

                          (2.25) (2.03)   
     

𝑇𝑅𝐸𝐴𝑇                     0.003 -0.001 -0.011** -0.013* 

                          (0.52) (-0.07) (-5.69) (-4.19) 
     

𝐷𝐸𝐺𝑅_2003𝑄3               -0.023 -0.025 0.024 0.026 

                          (-1.00) (-1.12) (1.05) (1.13) 
     

𝐹𝑆𝐼𝑍𝐸                     -0.009** -0.008* -0.024*** -0.025*** 

                          (-2.66) (-2.55) (-15.57) (-16.43) 
     

𝑂𝑃𝐶𝑌                      1.335*** 1.322*** -0.035 -0.025 

                          (6.15) (5.98) (-0.26) (-0.18) 
     

𝐶𝐹𝑉𝑂𝐿                     0.344*** 0.346*** -0.041* -0.043* 

                          (5.31) (5.35) (-4.18) (-4.18) 
     

𝑆𝐴𝑉𝑂𝐿                     0.021 0.020 0.007 0.008 

                          (1.00) (0.96) (0.88) (0.95) 
     

𝑆𝐺𝑉𝑂𝐿                     -0.008*** -0.008*** -0.005 -0.005 

                          (-4.71) (-4.66) (-2.22) (-2.12) 
     

𝐿𝐸𝑉                       -0.091** -0.094** -0.001 0.001 

                          (-3.33) (-3.43) (-0.11) (0.11) 
     

𝑆𝐺𝑅                       0.035 0.035 -0.011** -0.011** 

                          (0.69) (0.69) (-5.38) (-4.69) 
     

𝐷𝑃𝐴𝑌                      -0.093 -0.091 -0.020 -0.021 

                          (-1.85) (-1.78) (-1.08) (-1.19) 
     

𝐿𝑂𝑆𝑆                      0.005 0.006 -0.002 -0.003 

                          (0.12) (0.14) (-0.75) (-0.86) 
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Table 4 (continued) 

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

                          

𝑇𝑅𝐸𝐴𝑇 is  

top quartile 

𝑇𝑅𝐸𝐴𝑇 is  

top decile 

𝑇𝑅𝐸𝐴𝑇 is  

top quartile 

𝑇𝑅𝐸𝐴𝑇 is  

top decile 

 Dependent variable: 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐷𝐸𝐺𝑅 𝐷𝐸𝐺𝑅 

     
𝑅𝑂𝐴                       -0.047 -0.047 0.016 0.015 

                    (-1.50) (-1.49) (1.46) (1.44) 
     

𝐵𝐼𝐺4                      0.005 0.007 -0.004 -0.004 

                          (0.75) (0.92) (-1.32) (-1.33) 
     

𝐼𝑂𝑊𝑁                      0.036 0.038 -0.043*** -0.044*** 

                          (1.53) (1.63) (-10.77) (-10.92) 
     

𝐼𝑆𝐼𝑍𝐸                     0.007* 0.007** 0.097*** 0.097*** 

                          (2.53) (2.60) (59.14) (59.65) 
     

𝐼𝐻𝐸𝑅𝐹                     0.001 -0.008 -0.346* -0.339* 

                          (0.00) (-0.04) (-3.01) (-2.94) 
     

𝐹𝐻𝐸𝑅𝐹                     -0.002 0.001 -0.057** -0.057** 

                          (-0.07) (0.04) (-4.47) (-4.48) 
     

Year FE                   Yes Yes Yes Yes 

Firm FE                   No No No No 

Adjusted 𝑅2        0.129 0.128 0.837 0.836 

Observations              11, 866 11,866 4,880 4,880 
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Table 5: Distracted vs. attentive investor networks 

This table reports the results for re-estimating the baseline model (see column (3) of Table 3), where we calculate 

firm-level measures of degree centrality (𝐷𝐸𝐺𝑅) only among distracted or attentive investors. We use the median to 

distinguish between distracted and attentive investors in each firm-year. To ensure that the distraction measure does 

not capture extreme industry sector performance, we exclude observations in the two industries that are experiencing 

the positive or negative shocks in all regressions. In column (1), we re-run the baseline specification but calculate 

firm-level degree only among the subsample of distracted investors (𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇). In column (2), we re-run the 

baseline model but calculate firm-level degree only among the subsample of attentive investors (𝐷𝐸𝐺𝑅_𝐴𝑇𝑇). In 

column (3), we re-run the baseline specification but include both distracted and attentive degree simultaneously. In 

column (4), we do not distinguish between distracted and attentive investors, but use the overall network centrality 

measure 𝐷𝐸𝐺𝑅 instead. We include year and firm fixed effects in all models, and cluster standard errors at the firm 

level. We perform a Wald test to test whether the 𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 coefficient significantly exceeds the 𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇 

coefficient in absolute magnitude. 𝑡-statistics are in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 

1%, 5%, and 10% levels, respectively. For a detailed description of the data, see Table A1 in the Appendix. 

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

Dependent variable:                         𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 
     

𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇                 -0.009  -0.026*  

                          (-0.61)  (-1.73)  

     

𝐷𝐸𝐺𝑅_𝐴𝑇𝑇                   -0.062*** -0.070***  

                           (-4.45) (-4.61)  

     

𝐷𝐸𝐺𝑅                         -0.100*** 

                             (-3.76) 
     

𝐹𝑆𝐼𝑍𝐸                     -0.003 -0.005 -0.006* -0.006* 

                          (-0.84) (-1.40) (-1.68) (-1.71) 
     

𝑂𝑃𝐶𝑌                      -0.121 -0.123 -0.118 -0.113 

                          (-0.30) (-0.30) (-0.29) (-0.28) 
     

𝐶𝐹𝑉𝑂𝐿                     0.183*** 0.182*** 0.181*** 0.181*** 

                          (7.71) (7.65) (7.63) (7.64) 
     

𝑆𝐴𝑉𝑂𝐿                     0.043*** 0.043*** 0.043*** 0.042*** 

                          (3.60) (3.63) (3.60) (3.55) 
     

𝑆𝐺𝑉𝑂𝐿                     -0.000 -0.000 -0.000 -0.000 

                          (-0.17) (-0.15) (-0.14) (-0.13) 
     

𝐿𝐸𝑉                       -0.002 0.000 0.002 0.002 

                          (-0.14) (0.02) (0.12) (0.14) 
     

𝑆𝐺𝑅                       0.046*** 0.046*** 0.046*** 0.045*** 

                          (8.23) (8.27) (8.24) (8.21) 
     

𝐷𝑃𝐴𝑌                      0.072 0.071 0.070 0.070 

                          (1.59) (1.57) (1.54) (1.53) 
     

𝐿𝑂𝑆𝑆                      0.003 0.003 0.003 0.003 

                          (0.43) (0.41) (0.38) (0.38) 
     

𝑅𝑂𝐴                       -0.018 -0.020 -0.021 -0.022 

                          (-0.83) (-0.91) (-0.97) (-0.98) 
     

𝐵𝐼𝐺4                      0.005 0.005 0.005 0.005 

                          (0.67) (0.71) (0.67) (0.62) 
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Table 5 (continued)

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

Dependent variable:                         𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 

     
𝐼𝑂𝑊𝑁                      0.023** 0.021** 0.019** 0.019* 

                          (2.32) (2.11) (1.97) (1.92) 
     

𝐼𝑆𝐼𝑍𝐸                     0.001 0.003 0.005** 0.005** 

                          (0.35) (1.60) (2.00) (2.07) 
     

𝐼𝐻𝐸𝑅𝐹                     -0.173** -0.169** -0.157** -0.147** 

                          (-2.34) (-2.30) (-2.12) (-1.97) 
     

𝐹𝐻𝐸𝑅𝐹                     -0.004 0.000 0.001 0.000 

                          (-0.27) (0.02) (0.10) (0.00) 
     

Year FE                   Yes Yes Yes Yes 

Firm FE                   Yes Yes Yes Yes 

Adjusted R-squared        0.299 0.299 0.299 0.299 

Observations              49,830 49,830 49,830 49,830 

Wald test 𝐹-statistic 6.93  

𝑝(𝐷𝐸𝐺𝑅_𝐴𝑇𝑇 <  𝐷𝐸𝐺𝑅_𝐷𝐼𝑆𝑇) 0.004***  
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Table 6: Suspect firms 

This table reports the results of re-estimating the baseline model (see column (3) of Table 3), where we add interaction 

effects between 𝐷𝐸𝐺𝑅 and different indicators for suspect firm-year observations. 𝑆𝑈𝑆𝑃𝐸𝐶𝑇1 equals 1 if a firm’s 

change in net income before extraordinary items scaled by total assets from year 𝑡 − 1  to year 𝑡 is in the interval [0, 

0.005), and 0 otherwise. 𝑆𝑈𝑆𝑃𝐸𝐶𝑇2 equals 1 if the firm meets or just beats consensus analyst forecast by $0.01 per 

share in a given year, and 0 otherwise. 𝑆𝑈𝑆𝑃𝐸𝐶𝑇3 equals 1 if any of the two above conditions is satisfied, and 0 

otherwise. In columns (1) to (3), we analyze aggregate 𝐴𝑏𝑠𝐷𝐴. In columns (4) and (5), we distinguish between 

income-increasing abnormal accruals (𝐷𝐴 > 0) and -decreasing abnormal accruals (𝐷𝐴 < 0), respectively. We 

include year and firm fixed effects in all models to capture unobserved heterogeneity due to aggregate time series 

trends and time-constant firm characteristics. Standard errors are clustered at the firm level. The sample consists of 

66,448 firm-year observations from 6,870 firms over the 1990-2019 period. 𝑡-statistics are in parentheses. ∗∗∗, ∗∗, 

and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. Variable definitions are provided in 

Table A1 in the Appendix. 
 (1) (2) (3) (4) (5) 

Dependent variable: 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 
      

𝐷𝐸𝐺𝑅 -0.061*** -0.061*** -0.057*** -0.059*** -0.051** 
 (-4.30) (-4.30) (-4.06) (-2.78) (-2.51) 
      

𝑆𝑈𝑆𝑃𝐸𝐶𝑇1 0.043***     

 (3.06)     
      

𝐷𝐸𝐺𝑅 × 𝑆𝑈𝑆𝑃𝐸𝐶𝑇1 -0.088***     

 (-2.83)     
      

𝑆𝑈𝑆𝑃𝐸𝐶𝑇2  0.018*    

  (1.94)    
      

𝐷𝐸𝐺𝑅 × 𝑆𝑈𝑆𝑃𝐸𝐶𝑇2  -0.048**    

  (-2.37)    
      

𝑆𝑈𝑆𝑃𝐸𝐶𝑇3   0.031*** 0.034** 0.020** 
   (3.52) (2.19) (1.98) 
      

𝐷𝐸𝐺𝑅 × 𝑆𝑈𝑆𝑃𝐸𝐶𝑇3   -0.072*** -0.068** -0.052** 
   (-3.71) (-2.14) (-2.27) 
      

𝐹𝑆𝐼𝑍𝐸 -0.007** -0.007** -0.007** -0.000 -0.014*** 
 (-2.22) (-2.32) (-2.34) (-0.05) (-3.53) 
      

𝑂𝑃𝐶𝑌 0.020 0.020 0.019 0.019 -1.192* 
 (0.07) (0.07) (0.07) (0.04) (-1.66) 
      

𝐶𝐹𝑉𝑂𝐿 0.195*** 0.195*** 0.195*** 0.187*** 0.167*** 
 (10.17) (10.16) (10.16) (6.59) (6.59) 
      

𝑆𝐴𝑉𝑂𝐿 0.052*** 0.053*** 0.053*** 0.085*** 0.040*** 
 (4.86) (4.88) (4.88) (4.93) (3.19) 
      

𝑆𝐺𝑉𝑂𝐿 -0.002 -0.002 -0.002 -0.004 -0.003 
 (-0.89) (-0.90) (-0.90) (-1.29) (-0.81) 
      

𝐿𝐸𝑉 0.002 0.002 0.003 -0.002 0.008 
 (0.22) (0.20) (0.23) (-0.11) (0.59) 
      

𝑆𝐺𝑅 0.053*** 0.053*** 0.053*** 0.033*** 0.068*** 
 (11.18) (11.17) (11.18) (4.96) (9.72) 
      

𝐷𝑃𝐴𝑌 0.051 0.051 0.051 0.038 0.192** 
 (1.60) (1.61) (1.61) (0.77) (2.46) 
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Table 6 (continued) 
 (1) (2) (3) (4) (5) 

Dependent variable: 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 
      

𝐿𝑂𝑆𝑆 -0.002 -0.002 -0.002 0.007 0.007 
 (-0.36) (-0.41) (-0.38) (0.88) (0.85)        

𝑅𝑂𝐴 -0.007 -0.008 -0.007 -0.130*** 0.089*** 
 (-0.43) (-0.44) (-0.42) (-5.45) (3.78) 
      

𝐵𝐼𝐺4 -0.004 -0.004 -0.005 -0.001 -0.020** 

 (-0.71) (-0.69) (-0.73) (-0.12) (-2.28) 
      

𝐼𝑂𝑊𝑁 0.016* 0.017* 0.016* 0.025* 0.004 

 (1.86) (1.95) (1.91) (1.90) (0.38) 
      

𝐼𝑆𝐼𝑍𝐸 0.002 0.002 0.002 0.001 0.001 

 (0.94) (0.88) (0.88) (0.42) (0.25) 
      

𝐼𝐻𝐸𝑅𝐹 -0.142** -0.142** -0.141** 0.112 -0.237*** 

 (-2.18) (-2.19) (-2.18) (1.03) (-2.83) 
      

𝐹𝐻𝐸𝑅𝐹 0.006 0.005 0.005 0.006 0.010 

 (0.57) (0.48) (0.51) (0.45) (0.67) 
      

Year FE Yes Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes Yes 

Adjusted 𝑅2 0.300 0.300 0.300 0.408 0.296 

Observations 66,448 66,448 66,448 23,012 41,357 
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Table 7: Heterogeneity across investor types 

We re-run the baseline regression (see column (3) of Table 3), but calculate firm-level measures of degree centrality 

among the investor subsamples. In column (1), we distinguish between independent (𝐷𝐸𝐺𝑅_𝐼𝑁𝐷) and grey 

(𝐷𝐸𝐺𝑅_𝐺𝑅𝐸𝑌) investors. In column (2), we calculate firm-level degree among long- (𝐷𝐸𝐺𝑅_𝐿𝑇) and short-term 

(𝐷𝐸𝐺𝑅_𝑆𝑇) investors. In column (3), we differentiate between domestic (𝐷𝐸𝐺𝑅_𝐷𝑂𝑀) and foreign (𝐷𝐸𝐺𝑅_𝐹𝑂𝑅) 

investors. We add year and firm fixed effects to all models. Standard errors are clustered at the firm level. We perform 

Wald tests to test whether the first coefficient of interest exceeds the second in absolute magnitude. 𝑡-statistics are in 

parentheses. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. For a detailed 

description of the data, see Table A1 in the Appendix. 
 (1) (2) (3) 

Dependent variable: 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 
    

𝐷𝐸𝐺𝑅_𝐼𝑁𝐷 -0.047***   

 (-2.61)   
    

𝐷𝐸𝐺𝑅_𝐺𝑅𝐸𝑌 -0.027**   

 (-2.09)   
    

𝐷𝐸𝐺𝑅_𝐿𝑇  -0.055***  

  (-3.64)  
    

𝐷𝐸𝐺𝑅_𝑆𝑇  -0.024*  

  (-1.74)  
    

𝐷𝐸𝐺𝑅_𝐷𝑂𝑀   -0.114** 
   (-2.51) 
    

𝐷𝐸𝐺𝑅_𝐹𝑂𝑅   -0.034** 
   (-2.40) 
    

𝐹𝑆𝐼𝑍𝐸 -0.006* -0.007** 0.001 
 (-1.68) (-2.05) (0.15) 
    

𝑂𝑃𝐶𝑌 0.078 -0.038 0.023 
 (0.22) (-0.11) (0.04) 
    

𝐶𝐹𝑉𝑂𝐿 0.177*** 0.178*** 0.168*** 
 (8.05) (8.18) (5.46) 
    

𝑆𝐴𝑉𝑂𝐿 0.032*** 0.035*** 0.019 
 (3.13) (3.34) (1.32) 
    

𝑆𝐺𝑉𝑂𝐿 0.000 -0.000 0.002 
 (0.09) (-0.01) (0.48) 
    

𝐿𝐸𝑉 0.001 -0.001 -0.014 
 (0.07) (-0.07) (-0.86) 
    

𝑆𝐺𝑅 0.043*** 0.046*** 0.036*** 
 (8.85) (9.29) (5.27) 
    

𝐷𝑃𝐴𝑌 0.037 0.053 0.016 
 (0.94) (1.33) (0.24) 
    

𝐿𝑂𝑆𝑆 0.004 0.000 0.001 
 (0.58) (0.03) (0.10) 
    

𝑅𝑂𝐴 0.004 0.003 0.035 
 (0.22) (0.15) (1.24) 
    

𝐵𝐼𝐺4 -0.002 -0.001 0.005 
 (-0.34) (-0.11) (0.48) 
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Table 7 (continued) 
 (1) (2) (3) 

Dependent variable: 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 𝐴𝑏𝑠𝐷𝑎 

    
𝐼𝑂𝑊𝑁 0.016* 0.015* 0.015 
 (1.79) (1.65) (1.24) 
    

𝐼𝑆𝐼𝑍𝐸 0.001 0.003 0.007** 
 (0.67) (1.58) (1.96) 
    

𝐼𝐻𝐸𝑅𝐹 -0.133* -0.134* -0.123 
 (-1.88) (-1.94) (-1.33) 
    

𝐹𝐻𝐸𝑅𝐹 -0.016 -0.006 0.024 
 (-1.06) (-0.39) (0.86) 
    

Year FE Yes Yes Yes 

Firm FE Yes Yes Yes 

Adjusted 𝑅-squared 0.286 0.288 0.301 

Observations 58,097 57,646 34,762 

Wald test 𝐹-statistic 0.90 2.68 2.63 

𝑝(coef. 1 < coef. 2) 0.171 0.051* 0.053* 
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Table 8: Central investors’ voting behavior 

This table reports estimation results of proposal-level logistic regressions in which the dependent variable equals 1 if the proposal is omitted (𝑂𝑀𝐼𝑇, see columns 

(1) and (2)), withdrawn (𝑊𝐼𝐷𝑅, see columns (3) and (4)), or put to a final vote (𝐹𝐼𝑉𝑂, see columns (5) and (6)), and 0 otherwise. In all regression specifications, 

we include the vector of proposal control variables 𝑃𝐶 (𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇, 𝐼𝑂𝑊𝑁_𝑇𝑅𝐴, 𝐼𝑂𝑊𝑁_𝐷𝐸𝐷, 𝐼𝑂𝑊𝑁_𝑄𝐼𝑋, 𝐹𝐻𝐸𝑅𝐹, 𝐼𝑆𝐼𝑍𝐸, 𝐼𝐻𝐸𝑅𝐹, 𝐹𝑆𝐼𝑍𝐸, 𝐶𝐴𝑃𝐸𝑋, 𝐿𝐸𝑉, 

𝐷𝑌𝐼𝐸𝐿𝐷, 𝑁𝑃𝑀𝐴𝑅𝐺, 𝑆𝑃𝑂𝑁_𝐼𝑁𝐷, 𝑆𝑃𝑂𝑁_𝑈𝑁𝐼, 𝑆𝑃𝑂𝑁_𝐴𝐶𝑇, 𝐶𝐵𝑂𝐴𝑅𝐷, 𝐷𝐶𝑆𝑇𝑂, 𝑃𝑃𝐼𝐿𝐿, 𝐺𝑃𝐴𝑅𝐴, 𝐶𝐺𝑃𝑅𝑂, 𝐶𝑆𝑅𝑃𝑅𝑂) identified in prior literature to affect proposal 

outcomes or firm exposure to shareholder proposals (see Section 3.6). We further control for industry and year fixed effects to capture unobserved industry-specific 

heterogeneity and unobserved heterogeneity resulting from aggregate time series trends. Standard errors are clustered at the firm level. 𝑡-statistics are in parentheses. 

∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. For a detailed description of the data, see Table A1 in the Appendix. 
 (1) (2) (3) (4) (5) (6) 

Dependent variable: 𝑂𝑀𝐼𝑇 𝑂𝑀𝐼𝑇 𝑊𝐼𝐷𝑅 𝑊𝐼𝐷𝑅 𝐹𝐼𝑉𝑂 𝐹𝐼𝑉𝑂 

       
𝐷𝐸𝐺𝑅 -0.164 0.612 -0.115 -0.861 0.607 -0.511 

 (-0.15) (0.54) (-0.11) (-0.81) (0.47) (-0.39) 
       

𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 -0.809*** 0.067 0.634*** 0.330 0.014 -0.507** 
 (-6.70) (0.24) (5.76) (1.58) (0.13) (-2.27) 
       

𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 ×  𝐷𝐸𝐺𝑅  -5.112***  1.589*  3.013** 
  (-3.16)  (1.79)  (2.52) 
       

𝐼𝑂𝑊𝑁_𝑇𝑅𝐴 1.246 1.316 0.161 0.183 -0.852 -0.802 
 (1.38) (1.43) (0.23) (0.26) (-0.91) (-0.86) 
       

𝐼𝑂𝑊𝑁_𝐷𝐸𝐷 -2.306 -2.348 -1.794 -1.819 1.234 1.220 
 (-1.43) (-1.45) (-1.34) (-1.35) (1.00) (0.99) 
       

𝐼𝑂𝑊𝑁_𝑄𝐼𝑋 -0.349 -0.385 0.760** 0.757** -0.273 -0.303 
 (-0.89) (-0.97) (2.25) (2.23) (-0.51) (-0.56) 
       

𝐹𝐻𝐸𝑅𝐹 -1.894 -2.034 -2.289** -2.238** 0.351 0.457 
 (-1.28) (-1.38) (-2.08) (-2.01) (0.22) (0.29) 
       

𝐼𝑆𝐼𝑍𝐸 0.071 0.074 0.088 0.093 -0.023 -0.014 
 (0.67) (0.70) (0.96) (1.00) (-0.23) (-0.14) 
       

𝐼𝐻𝐸𝑅𝐹 2.731** 2.694** -0.467 -0.417 -0.566 -0.445 
 (2.06) (2.05) (-0.36) (-0.32) (-0.32) (-0.25) 
       

𝐹𝑆𝐼𝑍𝐸 0.104* 0.099* -0.156*** -0.155*** 0.071 0.068 
 (1.80) (1.70) (-2.80) (-2.77) (1.13) (1.09) 
       

𝐶𝐴𝑃𝐸𝑋 0.000 0.000 -0.000** -0.000** 0.000 0.000 
 (0.09) (0.02) (-1.96) (-1.99) (0.97) (0.97) 
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Table 8 (continued) 
 (1) (2) (3) (4) (5) (6) 

Dependent variable: 𝑂𝑀𝐼𝑇 𝑂𝑀𝐼𝑇 𝑊𝐼𝐷𝑅 𝑊𝐼𝐷𝑅 𝐹𝐼𝑉𝑂 𝐹𝐼𝑉𝑂 

       
𝐿𝐸𝑉 0.070 0.072 0.192 0.194 -0.042 -0.040 

 (0.23) (0.24) (0.81) (0.82) (-0.15) (-0.14) 

       
𝐷𝑌𝐼𝐸𝐿𝐷 9.563*** 9.710*** -3.555* -3.652* -1.825 -1.915 

 (3.73) (3.72) (-1.89) (-1.93) (-0.63) (-0.65) 
       

𝑁𝑃𝑀𝐴𝑅𝐺 0.441 0.437 0.441 0.437 -0.511* -0.544* 
 (1.26) (1.25) (1.48) (1.46) (-1.70) (-1.79) 
       

𝑆𝑃𝑂𝑁_𝐼𝑁𝐷 0.905*** 0.903*** -1.214*** -1.209*** 0.162 0.167 
 (8.36) (8.38) (-9.33) (-9.35) (1.33) (1.37) 
       

𝑆𝑃𝑂𝑁_𝑈𝑁𝐼 -0.449** -0.463** 0.954*** 0.971*** 0.016 0.021 
 (-2.33) (-2.39) (6.98) (7.08) (0.08) (0.11) 
       

𝑆𝑃𝑂𝑁_𝐴𝐶𝑇 -0.524*** -0.527*** 0.251** 0.251** 0.082 0.079 
 (-3.28) (-3.29) (2.00) (2.01) (0.59) (0.57) 
       

𝐶𝐵𝑂𝐴𝑅𝐷 -0.198* -0.186 0.161 0.157 -0.032 -0.053 
 (-1.65) (-1.54) (1.60) (1.56) (-0.21) (-0.35) 
       

𝐷𝐶𝑆𝑇𝑂 0.003 -0.012 -0.264 -0.259 0.440 0.456 
 (0.01) (-0.04) (-1.36) (-1.34) (1.41) (1.43) 
       

𝑃𝑃𝐼𝐿𝐿 -0.215 -0.201 -0.141 -0.140 0.014 0.004 
 (-1.07) (-0.99) (-0.98) (-0.97) (0.07) (0.02) 
       

𝐺𝑃𝐴𝑅𝐴 0.016 0.021 0.055 0.053 -0.105 -0.108 
 (0.17) (0.22) (0.59) (0.57) (-0.90) (-0.92) 
       

𝐶𝐺𝑃𝑅𝑂 -2.173*** -2.181*** -0.906*** -0.921*** 12.304*** 12.310*** 
 (-9.33) (-9.23) (-4.00) (-4.04) (21.47) (22.87) 
       

𝐶𝑆𝑅𝑃𝑅𝑂 -1.805*** -1.800*** -0.158 -0.172 11.282*** 11.291*** 
 (-8.19) (-8.02) (-0.67) (-0.73) (21.05) (17.02) 

       
Year FE Yes Yes Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes Yes Yes 

Pseudo 𝑅-squared 0.106 0.108 0.135 0.136 0.277 0.278 

Observations 8,173 8,173 8,173 8,173 6,282 6,282 
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Table 9: Robustness to alternative network measures and weighting schemes 

This table reports the results of robustness tests and re-estimates the baseline model (see column (3) of Table 3) using alternative network measures and/or 

alternative weighting schemes to aggregate our investor-level network measures to the firm level. In columns (1) to (4), we use unscaled degree centrality 

(𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶), eigenvector centrality (𝐸𝐼𝑉𝐸𝐶), closeness centrality (𝐶𝐿𝑂𝑆𝐸), and betweenness centrality (𝐵𝐸𝑇𝑊) instead of scaled degree centrality (𝐷𝐸𝐺𝑅), 

respectively. In Panel B, we do not retain the Kempf et al. (2017, p. 1669) (KMS) weighting factor, but alternatively use holding weighting to obtain firm-level 

measures of the aforementioned network centralities. We include year and firm fixed effects in all models to capture unobserved heterogeneity due to aggregate 

time series trends and time-constant firm characteristics. Standard errors are clustered at the firm level. 𝑡-statistics are in parentheses. ∗∗∗, ∗∗, and ∗ denote statistical 

significance at the 1%, 5%, and 10% levels, respectively. For a detailed description of the data, see Table A1 in the Appendix. 

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

 Panel A: KMS weighting  Panel B: Holding weighting 

                          𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴  𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 
           

𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶                -0.000***     -0.000***     

                          (-5.16)     (-2.89)     
           

𝐸𝐼𝑉𝐸𝐶                      -0.711***     -0.901***    

                           (-4.56)     (-2.66)    
           

𝐶𝐿𝑂𝑆𝐸                       -0.046***     -0.162***   

                            (-3.30)     (-3.44)   
           

𝐵𝐸𝑇𝑊                         -1.260***     -1.052***  

                             (-3.72)     (-3.17)  
           

𝐷𝐸𝐺𝑅                               -0.073*** 

                                   (-2.97) 
           

𝑂𝑃𝐶𝑌                      0.024 0.017 0.016 0.020  0.018 0.018 0.015 0.010 0.016 

                          (0.08) (0.06) (0.05) (0.07)  (0.06) (0.06) (0.05) (0.03) (0.05) 
           

𝐶𝐹𝑉𝑂𝐿                     0.193*** 0.195*** 0.196*** 0.195***  0.195*** 0.195*** 0.195*** 0.196*** 0.195*** 

                          (10.08) (10.15) (10.20) (10.18)  (10.11) (10.14) (10.16) (10.18) (10.15) 
           

𝑆𝐴𝑉𝑂𝐿                     0.052*** 0.052*** 0.053*** 0.053***  0.053*** 0.053*** 0.052*** 0.053*** 0.053*** 

                          (4.82) (4.85) (4.89) (4.88)  (4.89) (4.89) (4.84) (4.87) (4.86) 
           

𝑆𝐺𝑉𝑂𝐿                     -0.002 -0.002 -0.002 -0.002  -0.002 -0.002 -0.002 -0.002 -0.002 

                          (-0.89) (-0.90) (-0.92) (-0.89)  (-0.90) (-0.92) (-0.92) (-0.91) (-0.93) 
           

𝐿𝐸𝑉                       0.002 0.002 0.001 0.001  -0.001 -0.000 0.000 -0.000 0.000 

                          (0.19) (0.16) (0.08) (0.13)  (-0.05) (-0.02) (0.03) (-0.01) (0.01) 
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Table 9 (continued) 

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

 Panel A: KMS weighting  Panel B: Holding weighting 

                          𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴  𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 𝐴𝑏𝑠𝐷𝐴 

           
𝑆𝐺𝑅                       0.053*** 0.053*** 0.053*** 0.053***  0.053*** 0.053*** 0.053*** 0.053*** 0.053*** 

                          (11.17) (11.18) (11.17) (11.17)  (11.22) (11.25) (11.16) (11.13) (11.19) 
           

𝐷𝑃𝐴𝑌                      0.049 0.051 0.052* 0.051  0.051 0.051 0.052 0.053* 0.052 

                          (1.57) (1.61) (1.65) (1.62)  (1.62) (1.62) (1.64) (1.67) (1.63) 
           

𝐿𝑂𝑆𝑆                      -0.002 -0.002 -0.002 -0.002  -0.002 -0.002 -0.002 -0.002 -0.002 

                          (-0.39) (-0.40) (-0.39) (-0.36)  (-0.42) (-0.40) (-0.39) (-0.40) (-0.39) 
           

𝑅𝑂𝐴                       -0.009 -0.008 -0.007 -0.008  -0.007 -0.006 -0.007 -0.007 -0.006 

                          (-0.54) (-0.47) (-0.43) (-0.46)  (-0.40) (-0.36) (-0.39) (-0.43) (-0.37) 
           

𝐵𝐼𝐺4                      -0.006 -0.005 -0.004 -0.004  -0.004 -0.004 -0.004 -0.003 -0.004 

                          (-0.97) (-0.73) (-0.62) (-0.59)  (-0.61) (-0.61) (-0.59) (-0.51) (-0.61) 
           

𝐼𝑂𝑊𝑁                      0.016* 0.019** 0.019** 0.013  0.014* 0.016* 0.012 0.012 0.014 

                          (1.93) (2.17) (2.21) (1.56)  (1.68) (1.93) (1.43) (1.33) (1.59) 
           

𝐼𝑆𝐼𝑍𝐸                     0.002 0.002 -0.000 0.001  0.005* 0.005* 0.005* 0.002 0.005* 

                          (1.34) (0.85) (-0.20) (0.32)  (1.79) (1.69) (1.96) (1.06) (1.76) 
           

𝐼𝐻𝐸𝑅𝐹                     -0.132** -0.149** -0.152** -0.143**  -0.210*** -0.229*** -0.177*** -0.162** -0.194*** 

                          (-2.03) (-2.31) (-2.34) (-2.20)  (-3.09) (-3.24) (-2.74) (-2.51) (-2.95) 
           

𝐹𝐻𝐸𝑅𝐹                     0.002 0.003 0.005 0.012  0.012 0.012 0.014 0.015 0.013 

                          (0.22) (0.33) (0.48) (1.16)  (1.11) (1.16) (1.31) (1.42) (1.24) 
           

𝐹𝑆𝐼𝑍𝐸                     -0.008** -0.007** -0.006* -0.006**  -0.005* -0.005 -0.005* -0.005 -0.005* 

                          (-2.52) (-2.17) (-1.80) (-2.00)  (-1.69) (-1.64) (-1.77) (-1.62) (-1.72) 
           

Year FE                   Yes Yes Yes Yes  Yes Yes Yes Yes Yes 

Firm FE                   Yes Yes Yes Yes  Yes Yes Yes Yes Yes 

Adjusted 𝑅-squared        0.300 0.300 0.300 0.300  0.300 0.300 0.300 0.300 0.300 

Observations              66,448 66,448 66,448 66,448  66,448 66,448 66,448 66,448 66,448 
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Table 10: Robustness to alternative earnings management proxies  

This table reports the results of robustness tests and re-estimates the baseline model (see column (3) of Table 3) using 

alternative earnings management proxies. In column (1), we use the absolute value of earnings management as in 

Owens et al. (2017) (𝐴𝑏𝑠𝐷𝐴_𝑂𝑊𝑍). In column (2), we use the standard deviation of residuals over five years based 

on Dechow and Dichev (2002) as modified by McNichols (2002) (𝐴𝑄_𝐷𝐷). In column (3), we apply the measure of 

income smoothing based on Tucker and Zarowin (2006) (𝐼𝑁𝐶𝑆𝑀𝑂). In column (4), we use the aggregate measure of 

real earnings management based on Roychowdhury (2006) and Chan et al. (2015) (𝑅𝐸𝑀). We include year and firm 

fixed effects in all models. Standard errors are clustered at the firm level. 𝑡-statistics are in parentheses. ∗∗∗, ∗∗, and 

∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. For a detailed description of the data, see 

Table A1 in the Appendix. 

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

                          𝐴𝑏𝑠𝐷𝐴_𝑂𝑊𝑍 𝐴𝑄_𝐷𝐷 𝐼𝑁𝐶𝑆𝑀𝑂 𝑅𝐸𝑀 
     

𝐷𝐸𝐺𝑅                      -0.016*** -0.017* -0.101*** -0.068*** 

                          (-3.09) (-1.65) (-3.00) (-3.53) 
     

𝐹𝑆𝐼𝑍𝐸                     -0.005*** -0.003 0.004 -0.024*** 

                          (-4.60) (-1.12) (0.35) (-5.59) 
     

𝑂𝑃𝐶𝑌                      0.137 0.287 -0.427 0.099 

                          (1.13) (0.90) (-0.93) (0.25) 
     

𝐶𝐹𝑉𝑂𝐿                     0.104*** 0.115*** -0.171*** 0.223*** 

                          (13.67) (6.98) (-3.37) (8.14) 
     

𝑆𝐴𝑉𝑂𝐿                     0.019*** 0.034*** 0.038 0.086*** 

                          (5.67) (3.96) (1.18) (5.18) 
     

𝑆𝐺𝑉𝑂𝐿                     -0.000 0.001 0.001 -0.002 

                          (-0.32) (0.35) (0.14) (-0.76) 
     

𝐿𝐸𝑉                       -0.006* 0.006 -0.011 -0.029* 

                          (-1.76) (0.63) (-0.35) (-1.84) 
     

𝑆𝐺𝑅                       0.028*** 0.032*** 0.018** 0.099*** 

                          (16.88) (8.73) (2.36) (14.46) 
     

𝐷𝑃𝐴𝑌                      -0.002 -0.007 0.109** 0.068 

                          (-0.15) (-0.19) (2.00) (1.56) 
     

𝐿𝑂𝑆𝑆                      0.002 0.005 0.007 -0.011 

                          (1.27) (1.12) (0.56) (-1.25) 
     

𝑅𝑂𝐴                       -0.005 0.010 0.008 -0.038 

                          (-0.75) (0.71) (0.21) (-1.52) 
     

𝐵𝐼𝐺4                      -0.002 -0.013*** -0.009 -0.028*** 

                          (-0.99) (-2.65) (-0.46) (-3.24) 
     

𝐼𝑂𝑊𝑁                      0.002 -0.011 0.038 0.026** 

                          (0.60) (-1.61) (1.47) (2.21) 
     

𝐼𝑆𝐼𝑍𝐸                     0.000 -0.001 0.001 0.003 

                          (0.15) (-0.56) (0.32) (1.34) 
     

𝐼𝐻𝐸𝑅𝐹                     -0.032 0.029 -0.340* -0.230** 

                          (-1.49) (0.52) (-1.81) (-2.17) 
     

𝐹𝐻𝐸𝑅𝐹                     -0.001 0.004 -0.048* -0.014 

                          (-0.42) (0.46) (-1.94) (-0.98) 
     

Year FE                   Yes Yes Yes Yes 

Firm FE                   Yes Yes Yes Yes 

Adjusted 𝑅-squared        0.321 0.250 0.309 0.252 

Observations              59,165 59,525 50,632 66,448 
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Figure 1: Network potential and average network measures 

 

 
(A) 𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶𝑘𝑡 

 

 
(B) 𝑁𝑡 − 1 

 

 
(C) 𝐷𝐸𝐺𝑅𝑘𝑡 

 

 
(D) 𝐷𝐸𝐺𝑅𝑖𝑡   

 

This figure shows the network potential as well as average values of degree centrality at the investor and firm level 

over the 1990-2019 sample period. Figure 1A reports average investor-level degree centrality in absolute terms 

(𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶𝑘𝑡), i.e., the number of direct connections to other investors. Figure 1B shows network potential (𝑁𝑡 −
1), i.e., the maximum number of connections any investor can have. Scaling 𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶𝑘𝑡 by 𝑁𝑡 − 1 results in the 

normalized degree centrality (𝐷𝐸𝐺𝑅𝑘𝑡), as shown in averages at the investor level in Figure 1C. Figure 1D reports 

averages of the normalized degree centrality at the firm level (𝐷𝐸𝐺𝑅𝑖𝑡). Kempf et al. (2017, p. 1669) weighting factors 

are applied to aggregate investor-level measures at the firm level. For a detailed description of the data, see Table A1 

in the Appendix. 



 

71 

Figure 2: Difference-in-differences, parallel trend assumption 

 

 
(A) 𝑇𝑅𝐸𝐴𝑇 is top quartile 

 

 

 
(B) 𝑇𝑅𝐸𝐴𝑇 is top decile 

This figure shows average values of 𝐴𝑏𝑠𝐷𝐴 among treatment and control firms, measured at the end of the year. The 

2003 mutual fund trading scandal began in the last quarter of 2003 and continued through December 2006. 

Consequently, the pre-treatment period ends in 2002 (see vertical line at year 2002), and the post-treatment period 

begins in 2007 (see vertical line at year 2007). The treatment group consists of firms with a high percentage of equity 

owned by scandal funds as of September 2003, i.e., in the quarter before the scandal became public. Our treatment 

identifier, 𝑇𝑅𝐸𝐴𝑇, equals 1 if the firm’s market value held by scandal funds scaled by the firm’s total market value is 

in the top quartile (Figure 2A) or decile (Figure 2B), respectively, and 0 otherwise.
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APPENDIX 

 

Table A1: Description of main variables 

Variable Description Source 

Dependent variables: 

𝐴𝑏𝑠𝐷𝐴 Absolute value of abnormal accruals estimated based on the modified Jones (1991) model, 

modified by Dechow et al. (1995) and adjusted for performance as in Kothari et al. (2005). 

Authors’ calculations based on 

Compustat data 

𝐴𝑏𝑠𝐷𝐴_𝑂𝑊𝑍 Absolute value of abnormal accruals estimated based on the modified Jones (1991) model, 

modified by Dechow et al. (1995)), adjusted for performance as in Kothari et al. (2005) and 

idiosyncratic shock as used by Owens et al. (2017). 

As above 

𝐴𝑄_𝐷𝐷 Accruals quality measure estimated based on the model in Dechow and Dichev (2002) 

modified by McNichols (2002). 

As above 

𝐼𝑁𝐶𝑆𝑀𝑂 Measure of income smoothing based on Tucker and Zarowin (2006). As above 

𝑅𝐸𝑀 Aggregate measure of real earnings management based on Roychowdhury (2006) and Chan et 

al. (2015) that consists of abnormal discretionary expenses (𝐴𝐵𝐸𝑥𝑝), abnormal production cost 

(𝐴𝐵𝑃𝑟𝑜𝑑), and abnormal cash flow from operations (𝐴𝐵𝐶𝑎𝑠ℎ).  

𝑅𝐸𝑀 = 𝐴𝐵𝐸𝑥𝑝 + (−1)𝐴𝐵𝑃𝑟𝑜𝑑 + (−1)𝐴𝐵𝐶𝑎𝑠ℎ. 

As above 

𝑂𝑀𝐼𝑇 Dummy variable indicating whether the shareholder proposal was omitted. Institutional Shareholder 

Services 

𝑊𝐼𝐷𝑅 Dummy variable indicating whether the shareholder proposal was withdrawn. As above 

𝐹𝐼𝑉𝑂 Dummy variable indicating whether the shareholder proposal was put to final vote. As above 

Explanatory variables:   

𝐷𝐸𝐺𝑅 Firm’s holding-weighted degree centrality scaled by maximum network size. The weighting 

factor as in Kempf et al. (2017) is applied to aggregate investor-level degree measures at the 

firm level. 

Authors’ calculations based on 

Thomson Reuters 13-F data 

𝐷𝐸𝐺𝑅_𝑈𝑁𝑆𝐶 Firm’s weighted unscaled degree centrality. The weighting factor as in Kempf et al. (2017) is 

applied to aggregate unscaled investor-level degree measures at the firm level. 

As above 

𝐸𝐼𝑉𝐸𝐶 Firm’s holding-weighted eigenvector centrality scaled by maximum network size. The 

weighting factor as in Kempf et al. (2017) is applied to aggregate investor-level eigenvector 

measures at the firm level. 

As above 
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𝐶𝐿𝑂𝑆𝐸 Firm’s holding-weighted closeness centrality scaled by maximum network size. The weighting 

factor as in Kempf et al. (2017) is applied to aggregate investor-level closeness measures at the 

firm level. 

As above 

𝐵𝐸𝑇𝑊 Firm’s holding-weighted betweenness centrality scaled by maximum network size. The 

weighting factor as in Kempf et al. (2017) is applied to aggregate investor-level betweenness 

measures at the firm-level. 

As above 

Control variables:   

𝐹𝑆𝐼𝑍𝐸 Natural logarithm of the firm’s total assets in millions of U.S. dollars. Compustat 

𝑂𝑃𝐶𝑌 Natural logarithm of the firm’s sum of days in receivable and days in inventory. As above 

𝐶𝐹𝑉𝑂𝐿 Five-year standard deviation of the firm’s cash flow to total assets. As above 

𝑆𝐴𝑉𝑂𝐿 Five-year standard deviation of the firm’s sales to total assets. As above 

𝑆𝐺𝑉𝑂𝐿 Five-year standard deviation of the firm’s annual sales growth rate. As above 

𝐿𝐸𝑉 Ratio of firm’s long-term debt to total assets. As above 

𝑆𝐺𝑅 Annual sales growth rate of the firm. As above 

𝐷𝑃𝐴𝑌 360 divided by the ratio of the firm’s average accounts payable to cost of goods sold. As above 

𝐿𝑂𝑆𝑆 Dummy variable indicating whether the firm reported a net loss. As above 

𝑅𝑂𝐴 Ratio of the firm’s operating income to total assets. As above 

𝐵𝐼𝐺4 Dummy variable indicating whether the firm is audited by one of the Big 4 auditors. As above 

𝐼𝑂𝑊𝑁 Shares held by institutional investors in percent of the firm’s shares outstanding. Authors’ calculations based on 

Thomson Reuters 13-F data 

𝐼𝑆𝐼𝑍𝐸 Natural logarithm of institution’s assets reported in 13-F filings. The weighting factor as in 

Kempf et al. (2017) is applied to aggregate investor-level assets at the firm level. 

As above 
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𝐼𝐻𝐸𝑅𝐹 Investor-level weighted Herfindahl, i.e., weighted institution’s portfolio dispersion. The 

weighting factor as in Kempf et al. (2017) is applied to aggregate investor-level portfolio 

dispersion at the firm level. 

As above 

𝐹𝐻𝐸𝑅𝐹 Firm-level Herfindahl, i.e., firm’s shareholder dispersion. As above 

𝐼𝑂𝑊𝑁_𝑇𝑅𝐴 Shares held by transient institutions as a percent of firm’s outstanding shares. Authors’ calculations based on 

TR 13-F data, Brian Bushee16 

𝐼𝑂𝑊𝑁_𝐷𝐸𝐷 Shares held by dedicated institutions as a percent of firm’s outstanding shares. As above 

𝐼𝑂𝑊𝑁_𝑄𝐼𝑋 Shares held by quasi-indexer institutions as a percent of firm’s outstanding shares. As above 

𝐶𝐴𝑃𝐸𝑋 Capital expenditures in millions of U.S. dollars. Compustat 

𝐼𝐷𝑌𝐼𝐸𝐿𝐷 Dividend yield, calculated as dividend per share by ex-date over annual closing price. As above 

𝑁𝑃𝑀𝐴𝑅𝐺 Net profit margin, calculated as net income adjusted for stock equivalents over total revenue. As above 

𝑆𝑃𝑂𝑁_𝐼𝑁𝑆𝑇 Dummy variable indicating whether the lead proposal sponsor is an institutional investor. Institutional Shareholder 

Services 

𝑆𝑃𝑂𝑁_𝐼𝑁𝐷 Dummy variable indicating whether the lead proposal sponsor is an individual investor. As above 

𝑆𝑃𝑂𝑁_𝑈𝑁𝐼 Dummy variable indicating whether the lead proposal sponsor is a labor union. As above 

𝑆𝑃𝑂𝑁_𝐴𝐶𝑇 Dummy variable indicating whether the lead proposal sponsor is a coordinated activist. As above 

𝐶𝐵𝑂𝐴𝑅𝐷 Dummy variable indicating the presence of a classified board. As above 

𝐷𝐶𝑆𝑇𝑂 Dummy variable indicating the presence of dual-class stock. As above 

𝑃𝑃𝐼𝐿𝐿 Dummy variable indicating the presence of a poison pill clause. As above 

 
16 Brian Bushee’s investor classification data are publicly available at: http://accounting-faculty.wharton.upenn.edu/bushee. 
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𝐺𝑃𝐴𝑅𝐴 Dummy variable indicating the presence of a golden parachute clause. As above 

𝐶𝐺𝑃𝑅𝑂 Dummy variable indicating whether the proposal deals with a matter related to Corporate 

Governance. 

As above 

𝐶𝑆𝑅𝑃𝑅𝑂 Dummy variable indicating whether the proposal deals with a matter related to Corporate Social 

Responsibility. 

As above 

 

 

 

 

 

 

 


