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Abstract. Whether price synchronicity is associated with higher or lower stock 

informativeness is still an ongoing debate in the academic literature. This paper contributes 

to this debate by examining the relationship between stock return synchronicity and bank 

complexity using a sample of U.S. listed banks operating during the period of 2010: Q1 – 

2018: Q4. Bank price informativeness is assumed to be inversely related to bank complexity. 

We use two measures to proxy for bank complexity: a) revenue Hirschman-Herfindahl index 

(HHI) and b) the impact of the Consolidated Supervision Framework for Large Financial 

Firms, respectively. We find a positive relationship between return synchronicity and bank 

complexity. Our empirical setting provides new evidence regarding the relationship 

between price synchronicity and informativeness. Moreover, our results have important 

implications for regulators, e.g., the effectiveness of market discipline for banks.  
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1. Introduction 

Banks became more complex after the enactment of the Gramm–Leach–Bliley Act (GLB 

Act) 1999 which dismantled the Glass–Steagall restrictions allowing banks to provide a 

wider range of financial services (Dewally and Shao, 2013). As a consequence, market 

discipline becomes less efficient and effective (Morgan and Stiroh, 2001). In particular, the 

incorporation of bank-specific information into stock prices will be slower the more complex 

the bank. Regulators have put significant emphasis on market discipline in an attempt to 

improve its role, mainly through more information disclosure. For example, there is a special 

pillar in Basel II addressing information disclosure (Basel Committee, 2004). 

Greater bank-specific information, which improves the informativeness of a bank’s 

stocks and helps market participants have a better understanding of the bank, strengthens 

the role of bank market discipline. For this reason, stock price informativeness is a key 

concept to better understand the role played by market discipline. Various measures of 

informativeness have been proposed in the academic literature. The most famous measure 

of stock informativeness is stock return synchronicity, which is the co-movement of an 

individual stock return with the market return (e.g., Gul, Kim and Qiu, 2010; An and Zhang, 

2013; Jones, Lee and Yeager, 2013). However, whether higher return synchronicity is 

associated with higher or lower informativeness has been a subject of much debate recently 

(e.g., Jin and Myers, 2006; Dasgupta, Gan and Gao, 2010; Xing and Anderson, 2011). In 

particular, there are two conflicting theories regarding the relationship between stock price 

synchronicity and informativeness. 

The first theory argues that lower synchronicity represents higher stock price 

informativeness. Roll (1988) suggests that low stock return synchronicity could be caused by 

either the incorporation of private information or occasional frenzy (i.e., noise). Inspired by 

Roll’s work, Morck, Yeung and Yu (2000) and Durnev et al. (2003) confirm in their research 

that stocks have lower return synchronicity because more firm-specific information, rather 

than occasional frenzy, is incorporated into stock prices thanks to active informed 

arbitrageurs, indicating lower synchronicity represents higher informativeness. Morck, 

Yeung and Yu (2000) and Jin and Myers (2006) further find that more difficulties in 

understanding a firm (e.g., high complexity) could discourage informed trading by increasing 

the cost of informed arbitrage, consequently, prevent the incorporation of firm-specific 

information into the stock price. Based on their findings, they conclude that return 
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synchronicity is higher when firms are more difficult to be understood, and stock prices are 

less informative. However, the second theory advocates a positive relationship between 

synchronicity and stock return informativeness. Dasgupta, Gan and Gao (2010) propose a 

theoretical model predicting that return synchronicity increases when a firm is less complex. 

They explain that lower complexity can accelerate the incorporation of firm-specific 

information and reduce firm-specific variation correspondingly, suggesting higher 

synchronicity represents more informativeness. Chan and Chan (2014) find a negative 

relationship between return synchronicity and the discount of seasoned equity offerings 

(SEOs). Given that SEO discount is lower when investors face less information asymmetry, 

they conclude that higher synchronicity indicates higher informativeness and provide 

empirical support to the second theory.  

This paper contributes to this debate by investigating the relationship between price 

synchronicity and informativeness in the banking industry. In particular, we examine 

whether more complex banks have lower or higher stock return synchronicity. In fact, banks 

are usually excluded from the empirical research discussing the relationship between 

synchronicity and informativeness, because banks are different from non-financial firms in 

many aspects. However, complexity is more compelling and prevalent in the banking 

industry. Banks became more complex after the GLB Act 1999 which allows banks to expand 

the scope of their activities. As a consequence, market participants value financial 

conglomerates engaged in multiple activities at a discount as compensation for the 

information asymmetry (Best, Hodges and Lin, 2004; Laeven and Levine, 2007). Even though 

information asymmetry seems to be increasingly severe in the banking industry due to 

complicated business models as well as financial innovation (Flannery, Kwan and 

Nimalendran, 2013; Dewally and Shao, 2013), regulations aiming to improve the disclosure 

quality and investor protection can contribute to a better understanding of complex banks 

(Akhigbe and Martin, 2006; Jirasakuldech et al., 2011). Therefore, we argue that the banking 

industry could provide a natural laboratory to investigate this debate. 

To explore the relationship between synchronicity and complexity, we conduct the 

empirical analysis on a sample of U.S. listed banks operating during the period of 2010: Q1 – 

2018: Q4, and we use two different methods to capture bank complexity. First, we use a 

revenue Hirschman-Herfindahl index (HHI) as a measure of bank complexity. Banking 

literature has illustrated that banks become more complex, since they expand the scope of 



3 

 

their activities and provide a wider range of financial services, as a consequence,  the 

outsiders will face more information asymmetry (Best, Hodges and Lin, 2004; Laeven and 

Levine, 2007). Second, we study the impact of a regulatory change which is the Consolidated 

Supervision Framework for Large Financial Institutions (Federal Reserve, 2012) on bank 

return synchronicity. Effective on December 17, 2017, the new supervision framework is 

expected to reduce complexity and increase the informativeness of large banks.  

Our preliminary result shows that the relationship between synchronicity and bank 

complexity is positive. The revenue HHI is positively related to synchronicity, suggesting a 

positive relationship between synchronicity and bank complexity. Moreover, we find that 

the synchronicity of large banks is significantly lower than other banks after introducing the 

new supervision framework. This result also indicates a positive relationship between 

synchronicity and bank complexity. Therefore, our finding supports the negative 

relationship between synchronicity and informativeness in the banking industry. We plan to 

confirm the robustness of our results by conducting two additional tests which are a) using 

an alternative measure of synchronicity and b) conducting a placebo test for the regulatory 

change.  

This research contributes to the existing literature in two ways. To the best of our 

knowledge, we test the relationship between return synchronicity and informativeness for 

the first time in the banking industry. Most previous studies examined samples including 

only non-financial firms (Dasgupta, Gan and Gao, 2010; Kelly, 2014; Chan and Chan, 2014). 

This research also provides new empirical evidence on the relationship between stock 

return synchronicity and stock informativeness using a different setting. 

The rest of the paper is organised as follows. Section 2 presents our hypotheses. 

Section 3 presents the methodology and econometric specifications. Section 4 discusses the 

data and descriptive statistics. The empirical results are presented in section 5. Section 6 

concludes. 

 

2. Hypotheses development 

Stock prices and information flows are symbiotic and inseparable in the financial 

market. An informative stock price is expected to reflect the fundamental value and firm-

specific information of a firm, and the most famous measure of informativeness in the 

academic literature including banking literature is the return synchronicity (e.g., Gul, Kim 
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and Qiu, 2010; An and Zhang, 2013; Jones, Lee and Yeager, 2013). Stock return synchronicity 

is the co-movement of an individual stock return with the market return; it is usually 

measured by the R-squares from the market model. Higher synchronicity is believed to 

represent lower price informativeness (Morck, Yeung and Yu, 2000). However, there is no 

consensus to date about whether higher return synchronicity is associated with higher or 

lower informativeness (e.g., Jin and Myers, 2006; Dasgupta, Gan and Gao, 2010). There are 

two conflicting theories about this relationship. In this section, we review those two 

theories and link them to the relevant banking literature to develop our hypotheses. 

Predicting the negative relationship between stock return synchronicity and price 

informativeness, the first theory (the negative informativeness theory, NIT for brevity) has 

been the mainstream in the debate from 1988. Roll (1988) found that the R-squared 

statistics extracted from the market model is low even after including the number of public 

firm-related news events into the model. He argued that the limited explanatory power of 

the market model (i.e., low R-squared statistics or low synchronicity) might be caused by 

either private information or occasional frenzy unrelated to concrete information (i.e., noise 

trading). Inspired by Roll’s work, Morck, Yeung and Yu (2000) and Durnev et al. (2003) 

confirmed in their research that stocks have lower return synchronicity because more firm-

specific information, rather than noise, is incorporated into stock prices. As they explain, 

active informed arbitrages can facilitate incorporation of firm-specific information, 

especially private firm-specific information, into stock prices and increase price 

informativeness accordingly. Therefore, their finding indicated that lower stock 

synchronicity represents a more efficient and informative stock price.  

However, if the informed arbitrages are less active, the stock price will be less 

informative. It happens when the cost of informed arbitrage increases, and complexity of 

firms is the reason for the high informed arbitrage cost (Morck, Yeung and Yu, 2000; Jin and 

Myers, 2006).  As a result, high complexity, e.g., due to more complicated business models 

or poorer corporate governance, could prevent the incorporation of firm-specific 

information into the stock price. The empirical research shows that if it is difficult to 

understand a firm and lacking firm-specific information, stock return synchronicity is higher 

under this circumstance (Durnev, Morck and Yeung, 2004; Jin and Myers, 2006; Haggard, 

Martin and Pereira, 2008).  
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In contrast, the second theory predicts that price synchronicity and stock 

informativeness are positively correlated (the positive informativeness theory or PIT for 

brevity). Dasgupta, Gan and Gao (2010) developed a theoretical model predicting that 

return synchronicity would increase with the improvement of informativeness. They argued 

that more informativeness or less complexity could accelerate the incorporation of firm-

specific information so that a more informative price today indicates higher return 

synchronicity in the future. They further provided evidence to the positive relationship by 

using a sample of seasoned equity offerings (SEOs) conducted by U.S. firms during 1976-

2004. In their views, when SEOs disclose more firm-specific information to outsiders, then 

the firm is relatively less complex for investors, and investors can predict the firm’s future 

activities and re-evaluate the firm based on this information and increase the stock 

informativeness accordingly. Dasgupta, Gan and Gao (2010) also showed that older firms 

and ADR listings are associated with higher stock return synchronicity. They concluded that 

a less complex firm would have less idiosyncratic return volatility—that is, higher return 

synchronicity reflects higher price informativeness.  

 In the same vein, Chan, Hameed and Kang (2013) also concurred with the positive 

informativeness theory but provided different explanations. They argued that it is easier for 

market participants to infer information if stock price conveys less firm-specific information, 

but it is more difficult to infer information if the price conveys a large amount of firm-

specific information. Therefore, higher synchronicity suggests more price informativeness. 

They also provided empirical evidence showing that higher stock liquidity is associated with 

higher synchronicity.  

Using SEO discount as a measure of price informativeness for a sample of non-financial 

U.S. listed companies from 1984 to 2007, Chan and Chan (2014) provided additional 

empirical evidence supporting the positive relationship. They found that higher return 

synchronicity is negatively related to SEO discount. Given that SEO discount is lower when 

stock price is more informative, they concluded that higher synchronicity represents higher 

informativeness. 

As mentioned above, both theories are supported empirically. However, banks are 

usually excluded from previous studies because banks are different from non-financial firms. 
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This paper argues that the banking industry provides a natural laboratory to investigate the 

relationship between price synchronicity and informativeness. Bank complexity 2  can 

contribute to this debate, because complexity is more compelling and prevalent in the 

banking industry. After the enactment of the GLB Act 1999, banks are allowed to expand the 

scope of their activities to various noninterest-related activities, and the complexity of 

banks has been increased. In addition, financial innovation and advancement in technology 

further exacerbate bank's complexity (Wagner, 2007; Dewally and Shao, 2013). The existing 

bank literature suggests that market participants have difficulties in evaluating the 

fundamental value of banks engaging with various financial activities (Jones, Lee and Yeager, 

2012; Flannery, Kwan and Nimalendran, 2013). As compensation for more severe 

information disadvantage, investors value financial conglomerates engaged in multiple 

activities at a discount (Best, Hodges and Lin, 2004; Laeven and Levine, 2007). Since a simple 

definition of price informativeness is that observed stock prices reflect bank’s fundamentals 

(Jones, Lee and Yeager, 2012), bank price informativeness is expected to be negatively 

related to the degree of bank complexity. 

Our idea in this paper exploits the cross-sectional variation among banks based on their 

degree of complexity. From the above discussion, it is clear that more complex banks are 

associated with higher information asymmetry, and consequently investors require a higher 

risk premium. The key to understand our contribution is the fact that stock price 

informativeness is inversely related to information asymmetry and complexity. Thus, bank 

price informativeness is expected to be negatively related to the degree of bank complexity. 

As there is no consensus to date about whether higher return synchronicity is associated 

with higher informativeness, this paper contributes to this debate by examining the relation 

between return synchronicity and the degree of bank complexity. If return synchronicity and 

bank complexity are positively related, then higher return synchronicity should be 

associated with lower price informativeness. In contrast, if return synchronicity and bank 

complexity are negatively related, then higher return synchronicity should be associated 

with higher price informativeness.  

                                                           
2 According to Cetorelli, McAndrews and Traina (2014), bank complexity is defined as the scope and diversity in 
business lines of the all subsidiaries of a bank. 
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In sum, there is no consensus regarding the relationship between return synchronicity 

and price informativeness as both theories are supported empirically using different settings. 

In this study, we seek to contribute to this debate by examining the relationship between 

return synchronicity and bank complexity. 

If return synchronicity implies lower price informativeness, then return synchronicity 

and bank complexity are positively related. This leads to our first hypothesis, stated in its 

alternative form:  

H1: Higher bank complexity is associated with lower stock return synchronicity. 

In contrast, if return synchronicity implies higher price informativeness, then return 

synchronicity and bank complexity are negatively related.  This leads to our second 

hypothesis, stated in its alternative form: 

H2: Higher bank complexity is associated with higher stock return synchronicity. 

 

3. Methodology and Econometric Specifications 

To test the hypotheses, we measure bank complexity using two different strategies. 

First, we measure the complexity generated from operational activities, since the banking 

literature has shown that banks engaging with various financial activities (i.e., higher HHI) 

are more complex and have higher information asymmetry (Laeven and Levine, 2007; 

Flannery, Kwan and Nimalendran, 2013). Second, we consider the impact of a regulatory 

change. The Federal Reserve adopted the Consolidated Supervision Framework for Large 

Financial Institutions in 2012. We expect the implementation of the new supervision 

framework will reduce bank complexity and increase informativeness. The rest of the 

section will explain these different methods and the corresponding econometric 

specifications in detail. 

 

3.1 Impact of Bank Complexity 

3.1.1 Measure of bank complexity 

The existing bank literature has proved that information asymmetry is severe for banks 

providing a wider range of financial services, suggesting that engaging with various business 

lines could decrease informativeness of banks (Best, Hodges and Lin, 2004; Laeven and 

Levine, 2007; Flannery, Kwan and Nimalendran, 2013). Therefore, we follow Stiroh and 

Rumble (2006) and Elyasiani and Wang (2009) and use an income-based Hirschman-
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Herfindahl type index to measure the degree to which banks engage with different business 

lines. The revenue Hirschman-Herfindahl index (HHI) is calculated as one minus the sum of 

the squared exposures as a fraction of total exposure for a given category on an annual 

basis. 

𝐻𝐻𝐼𝑖𝑡 = 1 − ∑ (
𝑆𝑘,𝑖𝑡

𝑇𝑆𝑖𝑡
)

2

𝑘

, 𝑘 = 1,2, … ,13,       (1) 

Where i, t and k subscripts represent individual banks, time and business lines respectively. 

𝑆𝑘,𝑖𝑡 is the income generated from of business line 𝑘, and 𝑇𝑆𝑖𝑡 is the sum of interest income 

and noninterest income. 𝐻𝐻𝐼𝑖𝑡 lies between zero and one. It is higher when the bank is 

more diversified. According to the FR Y-9C report format, there are 12 different items 

reported as noninterest income. These are: a) income from fiduciary activities; b) service 

charges on deposit accounts in domestic offices; c) trading revenue; d) investment banking, 

advisory, brokerage, and underwriting fees and commissions; e) insurance commissions and 

fees; f) venture capital revenue; g) net servicing fee; h) net securitization income; i) net 

gains (losses) on sales of loans and leases; j) net gains (losses) on sales of other real estate 

owned; k) net gains (losses) on sales of other assets (excluding securities); and l) other 

noninterest income.  

Specially, for every bank generating negative income from business lines, we add a 

constant θ which equals to one plus the absolute value of the minimum income among all 

business lines in a given year to each income items to ensure all values are positive. The HHI 

is monotonic in actual incomes by doing so.  

 

3.1.2 Model Specification for revenue HHI 

Using revenue HHI as a proxy of informativeness, we estimate the following model 

based on Dasgupta, Gan and Gao (2010) and Jones, Lee and Yeager (2013). In the model, 

synchronicity (SYNit) is defined as a function of HHIit and a set of control variables: 

𝑆𝑌𝑁𝑖𝑡 =  𝛼0 + 𝛼1𝐻𝐻𝐼𝑖𝑡 + 𝜑𝑋𝑖𝑡 + 𝜏𝑖 + 𝛿𝑡 + 휀𝑖𝑡   (2) 

Where i and t subscripts represent individual banks and time, respectively. 𝑋𝑖𝑡 represents a 

set of control variables. 𝜏𝑖 and  𝛿𝑡  are included to control for bank and time fixed effects, 

respectively. We estimate our model using OLS. Standard errors are clustered at the bank 

level. 
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 A significantly positive coefficient of  𝐻𝐻𝐼𝑖𝑡 shows the negative correlation between 

stock price informativeness and synchronicity and supports the first school of thought, 

whereas a negative coefficient supports the second school of thought, i.e., higher 

synchronicity reflects higher informativeness. 

 

3.2 Impact of a regulatory change 

3.2.1 Identification strategy 

Drawing lessons from the 2007-2008 financial crisis, the Federal Reserve adopted the 

Consolidated Supervision Framework for Large Financial Institutions (also known as SR 12-

17 or CA 12-14) on December 17, 2012. The supervision framework is applied to large 

financial firms with total consolidated assets over $10 billion (Federal Reserve, 2012). 

Consistent with key provisions of the Dodd-Frank Wall Street Reform and Consumer 

Protection Act (Dodd-Frank Act), the main objectives of the supervision framework are to 

enhance resiliency and to reduce the impact of a bank’s failure. Compared with the previous 

supervision framework, the Federal Reserve engages in greater “macroprudential” 

supervision, and the new framework does not only focus directly on a bank’s risk 

management and internal audit units but pays more attention to processes and strategies 

by which a bank generates profit. Large financial firms need to prepare detailed documents 

relating to their activities and operations such as capital and liquidity planning and positions, 

corporate governance, management of core business lines and management of critical 

operations. The enhanced and comprehensive regulatory framework is designed to identify 

the unique risk characteristics of individual banks and provide insight into how banks 

generate profits, alleviating bank complexity and improving stock informativeness 

accordingly (Eisenbach et al., 2017). Therefore, the introduction of the new supervision 

framework provides a natural experiment setup to test our hypotheses by applying the 

difference-in-differences approach. 

Banks with consolidated assets over $10 billion are subject to the new supervision 

framework. Under the new supervision framework, large banks shall receive a full-scope 

inspection at least annually, and those with significant problems will be inspected semi-

annually (Federal Reserve, 2019). Since the new framework is more comprehensive and 

requires more disclosures, especially information on operations, we expect the supervision 

framework to increase the informativeness of large banks.  
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To test our hypotheses, we explore the impact of the new supervision framework on 

return synchronicity. Banks with consolidated assets over $10 billion are the target group of 

the framework. Specially, to mitigate the influence of extreme value in bank assets and 

make the treatment group and the control group are relatively comparable, we include 

banks with assets between $10 billion to $20 billion as the treatment group, and banks with 

assets between $1 billion to $10 billion belong to the control group. The framework was 

launched at the end of 2012 and became effective starting from the fiscal year of 2013. 

Because our dataset consists of quarterly data, all periods before and including the fourth 

quarter of 2012 are defined as pre-treatment periods, and the periods of 2013: Q1-2018: Q4 

are post-treatment periods. 

 

3.2.2 Model Specification for the Regulatory Change 

To conduct empirical testing, we follow Dasgupta, Gan and Gao (2010) and Ignatowski 

and Korte (2014) and construct a difference-in-differences model: 

𝑆𝑌𝑁𝑖𝑡 =  𝛼0 + 𝛼1𝑃𝑜𝑠𝑡𝑡 + 𝛼2𝐿𝑎𝑟𝑔𝑒𝑖𝑡 × 𝑃𝑜𝑠𝑡𝑖𝑡 + 𝜑𝑋𝑖𝑡 + 𝜏𝑖 + 𝛿𝑡 + 휀𝑖𝑡   (3) 

Where i and t subscripts represent individual bank and time, respectively. 𝑆𝑌𝑁𝑖𝑡 represents 

stock return synchronicity.  Postt is a dummy variable that takes the value of one during 

2013: Q1-2018: Q4, and zero otherwise. Large is a dummy variable that takes the value of 

zero for BHCs with total consolidated assets more than $10 billion (i.e., the treatment 

group), and zero otherwise. The interaction term of Post and Large is the variable of interest 

in our model as it indicates the effect of the regulatory changes on affected banks. 𝑋𝑖𝑡 

represents a set of control variables which are the determinates of synchronicity and 

highlighted in the literature. 𝜏𝑖 and  𝛿𝑡  are included to control for bank and time fixed 

effects, respectively. We estimate the difference-in-difference equation using OLS. Standard 

errors are clustered at the bank level to account for possible autocorrelation.  

If one of our hypotheses holds true, we expect to see either a decreasing or increasing 

effect of the difference-in-difference term on 𝑆𝑌𝑁𝑖𝑡 , expressed in the direction and 

significance of the coefficient 𝛼2. The insignificant coefficient 𝛼2 casts doubt on whether the 

regulatory change could have an impact on informativeness. A significantly negative 

coefficient 𝛼2 shows the negative correlation between stock price informativeness and 

synchronicity which supports the first school of thought, whereas a positive coefficient 
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supports the second school of thought which suggests that higher synchronicity reflects 

higher informativeness. 

 

3.3 Measure of Synchronicity 

Stock price synchronicity is measured as the logit transformation of the R-squared 

statistic from a regression of individual stock return on market return. It is measured for 

each bank-year in the sample. Following the method proposed by Morck, Yeung and Yu 

(2000), we regress banks’ daily returns on daily market returns as follows: 

𝑅𝐸𝑇𝑖𝑡 =  𝛼0 + 𝛼1𝑀𝐾𝑇𝑅𝐸𝑇𝑡 + 휀𝑖𝑡      (4) 

where 𝑀𝐾𝑇𝑅𝐸𝑇𝑡 is the day t value-weighted return on NYSE/AMEX/NASDAQ, and 𝑅𝐸𝑇𝑖𝑡 is 

the daily stock return of bank i.  

We run regressions for each bank on a quarterly basis and obtain R-squared statistics 

(𝑅𝑖𝑡
2 ) from each estimation. The stock price synchronicity for bank i in quarter t then can be 

calculated as the log ratio of explained return variance to unexplained return variance: 

𝑆𝑌𝑁𝑖𝑡 = ln [𝑅𝑖𝑡
2 /(1 − 𝑅𝑖𝑡

2 )]         (5) 

 

3.4 Control Variables 

The information asymmetry is believed to be alleviated when more analysts follow the 

company (Chan and Chan, 2014). Therefore, to capture the effect of analyst activities, we 

include analyst coverage Analystit that is the number of analysts studying a bank. According 

to Xing and Anderson (2011) and Chan and Chan (2014), the marginal effect of analyst 

coverage might be diminishing as the number of analysts increases, so we use the logarithm 

transformation ln(1+Analyst) as the proxy of analyst coverage in our regression model.  The 

numbers of analysts covering each bank are proxied by the total number of earning-per-

share estimates for the next fiscal year. We follow Hong, Lim and Stein (2000) and  Chan and 

Chan (2014), and set Analystit to zero for banks without earnings forecasts. 

We include loan to asset ratio (LoanToAssetit) because it is difficult for outsiders to 

value the banks’ assets, especially loans (Flannery, Kwan and Nimalendran, 2004), so the 

information asymmetry will be more severe for banks with relatively more loans (Francis et 

al., 2015). We also control for bank capitalisation using the ratio of equity to assets 

(EquityRatioit). A higher EquityRatioit means banks are better capitalised and receive more 

monitoring from shareholders. Therefore, they are relatively more understandable and 
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suffer less from moral hazard problems (Berger and DeYoung, 1997). Following Thomas 

(2002) and Bai et al. (2017), we use the market-to-book ratio MTBit in the quarter t to 

control for a bank’s growth opportunities. As suggested by Thomas (2002), banks with 

better growth opportunities could reveal more firm-specific information, and information 

asymmetry is less severe for banks with higher MTBit. Non-performing loans (NPLit) are 

regarded as bank-specific signals of information asymmetry as well as credit risk 

management in the banking literature (Sarkisyan et al., 2009; Jones, Lee and Yeager, 2013). 

NPLit, which is measured as non-performing assets scaled by total loans, is introduced as a 

complexity measure.  

We also control for bank size (Sizeit) which is measured as the logarithm of bank assets 

at the end of each year. Outsiders of small banks suffer from more information asymmetry 

problems than large banks since small banks tend to make soft-information-based 

relationship loans to smaller and riskier borrowers (Durguner, 2017). However, large banks 

tend to rely more on noninterest income than smaller banks due to economies of scale 

(Hughes, Mester and Moon, 2001). Since bank size is highly correlated with the other 

explanatory variables, we follow Baele, De Jonghe and Vander Vennet (2007) and 

orthogonalize bank size so that the residual of the regression can capture a pure size effect.  

 

4. Data and Descriptive Statistics 

4.1. Data 

The empirical analysis is conducted on a sample of U.S. listed banks operating during 

the period 2010: Q1 – 2018: Q4. Banks’ quarterly financial data and daily market data are 

extracted from S&P Global Market Intelligence. Daily market returns are calculated based 

on the daily market risk premium from Kenneth R. French’s Website3. The data about 

analyst activities are collected from the Institutional Brokers’ Estimation System (I/B/E/S). 

Quarterly macroeconomic variables are obtained from the Federal Reserve Economic Data 

Website4. 

We exclude several banks based on exclusion criteria applied by the existing literature 

(Jones, Lee and Yeager, 2013; Fosu et al., 2018). First, we remove banks with missing or 

                                                           
3 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html#Research 
4 https://fred.stlouisfed.org/ 
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unavailable values for the main variables for that quarter. Second, banks operating less than 

three consecutive quarters are excluded. When calculating return synchronicity, we exclude 

banks with available daily observations fewer than 26 in one quarter. Following Jones, Lee 

and Yeager (2013) and Fosu et al. (2018), all balance sheet items are presented as end-of-

quarter amounts. All quarterly data are winsorized at the 1st and 99th percentiles. There 

are 544 banks and 14,669 bank-quarter observations in the final sample.  

 

4.2. Descriptive Statistics 

Table 1B displays the descriptive statistics of bank-level data for the whole sample. The 

average stock synchronicity is -3.06, and the average revenue HHI is 0.41. A bank receives 

3.32 analyst forecasts on average, and there is a considerable variation in analyst coverage. 

The mean book value of bank assets is $15.10 billion, while the maximum of total assets is 

$450.00 billion. Moreover, the standard deviation of total assets is large, suggesting bank 

size varies among banks. On average, 66.00% of banks’ assets are loans, and 10.71% of 

assets are equity. The average ratio of non-performing loans to total loans is 2.29%. 

The correlations among all independent variables are presented in Table 2 in the 

Appendix. All correlation coefficients are at an acceptable level suggesting that there is no 

multicollinearity problem in our regressions.  

 

5. Empirical Results 

To test the hypotheses, we proxy for bank complexity using two methods and estimate 

the models mentioned above. This section shows the preliminary results using those two 

different settings. We find a positive relationship between synchronicity and bank 

complexity. We will also conduct additional tests to ensure the robustness of our results.  

 

5.1 Relationship between revenue HHI and synchronicity 

We estimate Equation (2) by OLS, and the regression result reported in Table 3 is based 

on fixed effects technique5. The coefficient for HHI is positive and statistically significant at 

the 5% level, indicating that stock price synchronicity could increase when banks expand 

scopes of more activities. Given that information asymmetry is severer for banks engaging 

                                                           
5 We choose fixed effects technique based on the  Hausman (1978) test. 
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with various business lines (Elyasiani and Wang, 2009; Flannery, Kwan and Nimalendran, 

2013), the result further suggests that less informativeness of banks could be related to 

higher return synchronicity. Hence, based on the result, there is a possibility that stock 

synchronicity and informativeness are negatively related among the U.S. banks.  

 

5.2 Relationship between a regulatory change and synchronicity 

The Table 4 reports the regression result of Equation (1) based on fixed effects 

technique6. The coefficient for the difference-in-difference term negative and significant at 

5%. It suggests that after introducing the Consolidated Supervision Framework for Large 

Financial Institutions, the synchronicity for large banks is significantly lower than the 

synchronicity for the rest of banks. Expecting the new supervision framework could reduce 

complexity and increase stock informativeness of large banks, we could imply the positive 

relationship between bank complexity and synchronicity, therefore, the negative 

relationship between stock informativeness and return synchronicity.  

 

5.3 Robustness Tests 

The preliminary results show that stock return synchronicity and bank complexity are 

positively related, therefore, it could be implied that stock return synchronicity and stock 

informativeness are negatively related in the banking industry. To obtain robust results, 

more analyses will be included in future research. The remaining of this section discusses 

the possible ways to conduct robustness tests.  

Firstly, an alternative method to generate return synchronicity will be included as a 

part of robustness tests. Following Chan and Chan (2014), we use an alternative market 

model in which includes the industry co-movement. R-squares are obtained by equation (6): 

𝑅𝐸𝑇𝑖𝑡 =  𝛼0 + 𝛼1𝑀𝐾𝑇𝑅𝐸𝑇𝑡 + 𝛼2𝑀𝐾𝑇𝑅𝐸𝑇𝑡−1 + 𝛼3𝐼𝑁𝐷𝑅𝐸𝑇𝑡 + 𝛼4𝐼𝑁𝐷𝑅𝐸𝑇𝑡−1

+ 휀𝑖𝑡                                                                                                     (6) 

where 𝐼𝑁𝐷𝑅𝐸𝑇𝑖,𝑡 and 𝐼𝑁𝐷𝑅𝐸𝑇𝑖,𝑡−1 are the daily industry returns when excluding bank i in 

day t and day t-1 respectively. Then SYNit is calculated based on the formula (5). There is an 

advantage to use an alternative market model to compute synchronicity. It could help dispel 

                                                           
6 We choose fixed effects technique based on the  Hausman (1978) test. 
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the doubt that using different market models might get inconsistent results on the 

relationship between synchronicity and informativeness.  

In addition, we will conduct a placebo test for the regulatory change to test whether 

the "Parallel trend assumption" (Abadie, 2005) is satisfied by checking whether there is a 

significant difference in stock synchronicity between treated and control banks in the pre-

event period. This could be done using placebo tests (i.e., falsely assuming that the 

regulatory change happened in 2011 or 2012). Moreover, we will conduct additional tests 

for it in the future. We will use an alternative policy change which is the Troubled Asset 

Relief Program (TARP). It is expected that TARP could improve price informativeness of 

banks which are applicable to this programme, because those banks that received 

government support might have the incentive to disclose more information relating to 

operations. This could be done by adding a dummy for BHCs under this programme. 

 

6. Conclusion 

Whether higher price synchronicity results from a higher or lower stock 

informativeness is still contested. As the representatives of the first theory, Roll (1988) and 

Morck, Yeung and Yu (2000) hold an opinion that stock return is higher when firms are more 

complex. On the contrary, the second theory advocates that synchronicity is higher when 

firms are less complex (e.g., Dasgupta, Gan and Gao, 2010; Chan and Chan, 2014). The 

relationship between synchronicity and informativeness is a continuing subject of debate. 

However, banks are excluded from previous empirical research while discussing this 

relationship. In this paper, we try to explore the relationship in the banking industry. Given 

stock price informativeness is inversely related to information asymmetry and complexity, 

bank price informativeness is expected to be negatively related to the degree of bank 

complexity. Thus, we postulate hypotheses stating that higher bank complexity is associated 

with either lower or higher stock return synchronicity. If bank complexity and synchronicity 

is positively related, then we would support the first theory advocating the negative 

relationship between synchronicity and informativeness. Otherwise, we would support the 

second theory arguing the negative relationship between them. 

We propose two proxies for bank complexity, which are a) revenue HHI and b) the 

impact of the Consolidated Supervision Framework for Large Financial Firms. The empirical 

analyses are conducted based on a sample of the U.S. listed BHCs operating during the 
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period 2010: Q1-2018: Q4. Our preliminary result shows that return synchronicity and bank 

complexity are positively related. First, we find that the revenue HHI is positively related 

with synchronicity, suggesting the negative relationship between stock informativeness and 

synchronicity. Furthermore, expecting the new supervision framework could decrease the 

complexity of large banks, we further find that synchronicity of large banks is lower than 

other banks even after introducing the new framework, providing more evidence for the 

negative relationship between synchronicity and informativeness. We plan to conduct 

robustness tests in the future with different measures of synchronicity and bank complexity. 

In addition, placebo tests will be included for the regulatory change. 

This paper contributes to the existing literature in two ways. First, we provide new 

empirical evidence regarding the relationship between stock return synchronicity and stock 

informativeness in the banking industry. Moreover, to the best of our knowledge, we test 

this relationship for the first time in the banking industry. Most previous studies examined 

samples including only non-financial firms.  
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Appendix 

Table 1: Variables description and sample statistics: 2009-2018 (Annual) 

Panel A: Description of variables 

Variables Description 

SYN A synchronicity measure estimated from the market model. 
HHI Hirschman-Herfindahl type index, measuring the dispersion among interest income activities 

and noninterest income activities. 
Analyst Analyst coverage. The number of analysts offering earnings forecasts for the next fiscal year. 
Asset Bank size. The residual of an auxiliary regression which can capture a pure size effect, which is 

orthogonal to the diversification measures and other control variables. 
LoanToAsset The ratio of bank loans to total assets. 
EquityRatio The ratio of equity to total assets. 
MTB The ratio of the market value of equity to the book value of equity. 
NPL Non-performing loans scaled by total loans. 

 
Panel B: Sample statistics: 2009-2018 (Annual) 

Variable Obs Mean Median Std.Dev. Min Max 

SYN 14,669 -3.06 -2.72 2.64 -11.64 0.97 
HHI 14,669 0.39 0.37 0.18 0.03 0.88 
Analyst 14,669 3.32 1.00 5.82 0.00 37.00 
Asset (million dollars) 14,669 15,100.00 1,476.14 58,600.00 312.52 450,000.00 
LoanToAsset 14,669 66.00 67.44 12.18 25.07 88.00 
EquityRatio 14,669 10.70 10.37 2.34 5.12 19.28 
MTB 14,669 118.29 112.28 44.09 30.81 270.00 
NPL 14,669 2.29 1.55 2.30 0.05 12.85 
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Table 2: Pairwise correlations matrix for all explanatory variables 

Panel A: Pairwise correlations matrix for DLLP and other control variables 

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

  (1) HHI 1.000 

  (2) Ln(1+Analyst) 0.204 1.000 

  (3) Asset -0.000 -0.000 1.000 

  (4) LoanToAsset -0.147 0.043 0.000 1.000 

  (5) EquityRatio -0.130 0.184 0.000 0.019 1.000 

  (6) MTB -0.098 0.366 -0.000 0.089 0.006 1.000 

  (7) NPA 0.259 -0.107 -0.000 -0.086 -0.118 -0.449 1.000 
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Table 3: Regression results on SYN and revenue HHI 

 (1) 

Variables SYN 

HHI 0.361** 

 (2.08) 

Ln(1+Analyst) 0.649*** 

 (6.99) 

Asset 0.451*** 

 (3.11) 

LoanToAsset -0.003 

 (-0.56) 

EquityRatio 0.049*** 

 (2.77) 

MTB 0.002** 

 (2.40) 

NPL -0.086*** 

 (-4.45) 

Constant -4.037*** 

 (-9.73) 

Year fixed effects Yes 

Bank fixed effects Yes 

  

Observations 14,669 

Number of BHCs 544 

R-sq within 0.020 

R-sq between 0.708 

R-sq overall 0.391 

Note: *,**,*** denotes significant at the 10 percent level, 5 percent level and 1 percent level respectively. 
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Table 4: Regression results on SYN and a regulatory change 

 (1) 

Variables SYN 

Post -0.435*** 

 (-2.73) 

PostXLarge -0.244** 

 (-2.45) 

Ln(1+Analyst) 0.599*** 

 (5.86) 

Asset 0.231 

 (1.43) 

LoanToAsset -0.003 

 (-0.53) 

EquityRatio 0.067*** 

 (3.05) 

MTB 0.001 

 (1.22) 

NPL -0.094*** 

 (-2.97) 

Constant -3.323*** 

 (-6.13) 

Year fixed effects Yes 

Bank fixed effects Yes 

  

Observations 7,915 

Number of BHCs 328 

R-sq within 0.036 

R-sq between 0.617 

R-sq overall 0.334 

Note: *,**,*** denotes significant at the 10 percent level, 5 percent level and 1 percent level respectively 

 

 


