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This paper examines how politics shapes the way specificity of financial analysts’ information 

affects their forecast accuracy. We posit that in a relational economy, political information about 

firms’ performance is highly specific because political influence is exerted on firms primarily 

through relationships. Using Latent Dirichlet Allocation (LDA), a topical modeling method, on a 

comprehensive sample of 87,332 reports of Chinese financial analysts from 2010 to 2015, we find 

that the proportion of the firm-specific (non-firm-specific) information in an analyst’s report is 

associated with significantly higher (lower) earnings forecast accuracy relative to other analysts 

following the same firm in the same year. When political influence on firms increases, we find that 

firm-specific information is more positively associated with the analysts’ relative forecast accuracy. 

We also find that the positive association between firm-specific information and relative forecast 

accuracy is stronger in provinces with more government intervention and weaker protection of 

property rights. Finally, we validate our LDA measures using the earnings component model in 

Ball and Brown (1967) and the stock return synchronicity model in Morck et al. (2000).  
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1. Introduction 
 

In a relationship-based economy, firms not only contract with each other based on 

relational ties, politicians exert their influence on the firms through relationships as well (Rajan 

and Zingelas, 1998; Fisman, 2001; Allen et al., 2005; Faccio, 2006). The information about these 

relationships is highly firm-specific because each relationship is different. It is also highly value 

relevant because the performance and enforceability of the contracts depend on these relationships 

(Macneil, 1977; Williamson, 1979).1  

The objective of the paper is to examine how politics shapes the way specificity of analysts’ 

information affects their forecast accuracy. Since information of relationships is highly specific, 

we posit that in a relationship-based economy, analysts’ firm-specific information is more 

associated with forecast accuracy than non-firm-specific information. Also, when the political 

influence on firms increases (e.g. due to changes in government contracts or policies), firm-

specific information becomes even more important for forecasting because political relationships 

are highly value-relevant and firm-specific. This increase in forecasting power is likely to be due 

to political relationships being more important than other relationships (business ties) in a 

relational economy.  

It is not clear whether financial analysts in a relational economy will specialize in gathering 

and disseminating firm-specific. On the one hand, financial analysts will develop their core 

competence through analyzing industry or market trends that are non-firm-specific since 

information about the relationships is not readily available in the market. Firms are less inclined 

to provide voluntary disclosures about relational contracts or political connections than arm’s 

length contracts because relationships are often proprietary and hard to verify (Fan and Wong, 

                                                      
1 Examples of how relationships are essential for evaluating firms’ contracts and making forecasts are presented in the 

Appendix I.  
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2002; Ball et al., 2003; Li et al., 2018). The mandatory reporting of financial statements also does 

not contain information about these relationships due to the difficulty in measuring them. In 

addition, many of these relational economies are under strong government influence through its 

industrial and macro policies, analysts may specialize in gathering information about these policies 

that is non-firm-specific.  

On the other hand, financial analysts will try to establish comparative advantage by 

gathering information about the firms’ relationships that are highly firm-specific and essential for 

evaluating the firms’ contracts. Since information pertains to the firms’ relationships is imperative 

for generating earnings forecasts but it is in short supply, the analysts that possess such information 

will have the comparative advantage in forecasting. This also applies to information about 

government industrial and macro policies as well because firms that are closely connected with 

the politicians will receive more benefits.    

To address these research questions, we use a comprehensive sample of 87,332 financial 

analysts’ reports from China in 2010 to 2015. Only the latest analyst report issued before earnings 

announcement by each analyst each year is included in our final sample. We pick China for the 

study because it is the world’s largest relationship-based economy with a vibrant equity and 

financial analyst markets. There are more than three thousand listed firms traded in the two 

domestic exchanges with a total of 3,175 unique analysts following these firms.  

To measure the kind of information that gives Chinese financial analysts the competitive 

edge in forecasting, we examine the content of the analyst reports. We posit that the textual 

information contained in the analyst report should reflect the key information that is being used in 

the forecasts. The analysts have incentives to disseminate such information in the reports because 

it can signal that they have access to valuable information and provide their clients more 
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information to interpret their forecasts. To operationalize on this, we have developed an objective 

method to identify textual content that contains relatively more firm-specific or non-firm-specific 

information. In particular, we use Latent Dirichlet Allocation (LDA hereafter), a topical modeling 

method, to identify 370 topics in the financial analysts’ reports.2 Using a set of objective criteria, 

we then classify these topics into four different categories:  industry-specific topics, firm-specific 

topics, general topics and unclassified topics.  

Our classification is done based on how these topics are distributed across firms. If a 

particular topic has been mentioned in 50% or more of the firms in a particular 1-digit SIC industry, 

we classify the topic as industry-specific. We consider a particular topic is mentioned in a firm if 

the topic has appeared in any of the firm’s analyst report with at least 1% weight. This procedure 

yields 60 industry-specific topics. For the remaining 310 topics, we divide them into top and 

bottom terciles based on the number of firms whose analysts have mentioned the topics. The 

bottom tercile, which are topics mentioned in fewer firms, are considered firm-specific topics. 

Similarly, the top tercile of the topics are considered general topics. Topics that are either industry-

specific or general are considered non-firm-specific topics.  

We acknowledge that this approach only provides us with a relative measure of information 

specificity across topics. The relative distribution of these topics across the firms and industries in 

the sample can indicate the information specificity of the topics. That is, for topics that are 

distributed across a smaller number of firms, the content in such topics is likely to contain more 

firm-specific information. Similarly, for topics that are distributed in greater number of firms or 

concentrated within an industry, we expect that the content of these topics is likely to be at the 

industry or market levels, which is therefore less firm-specific. As will be discussed in Subsection 

                                                      
2 Using the Coherence score technique, we identify that 370 LDA topics is the optimal number of topics for our sample 

of financial analysts’ reports. See Subsection 3.2 for the discussion of the method.  
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4.6, we find qualitatively similar results in our main tests when we use different cutoffs for the 

firm-specific and general topic classifications.    

We find results consistent with our conjecture that the firm-specific information provided 

in the reports gives financial analysts the competitive edge in forecasting earnings. The relative 

weight of the firm-specific topics is positively associated with the relative accuracy of the earnings 

forecasts in the reports. The relative accuracy is defined as the forecast accuracy in comparison 

with the average forecast accuracy by all other analysts for the same firm in the same year. Thus, 

this result suggests that compared with the contemporaneous cohort of analysts following the same 

firm, firm-specific information gives the analyst a comparative advantage in making the forecasts.  

However, we find non-firm-specific topics significantly reduce analysts’ forecast accuracy.3 This 

is inconsistent with the results of Piotroski and Roulstone (2004) that U.S. analysts develop core 

competence in identifying, gathering and disseminating common industry-level components. In 

China, however, since the emphasis on relationships in contracting may heavily influence firms’ 

behavior in an industry or how politicians administer industrial policies, the specificity in these 

relationships may outweigh the common industry-level components in shaping the type of 

information analysts need for forecasting. Thus, Chinese analysts tend to specialize in producing 

firm-specific information in order to build their core competence.  

Next, we test whether firms’ experience of greater political influence will increase the 

positive association between firm-specific information and analysts’ relative forecasts accuracy.4 

We use three approaches to address this question. First, we measure the political content of analyst 

                                                      
3 One interpretation of this result is that by focusing too much on general or industry-specific information, analysts 

may misinterpret public information when making the forecasts. For example, without considering a firm’s 

relationships, an analyst may extrapolate from past performance when in fact the firm’s close relationship to an 

incoming politician may enable this firm to revert from prior losses to gains in future years.   
4 Past research has found that firms’ connections with the government or politicians have significant impact on their 

performance and governance (Fan et al. 2007; Berkman et al., 2010; Chen et al., 2011; Piotroski et al., 2018).  
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reports using a word list of political words or the analyst reports’ similarity in thematic content 

with the People’s Daily, a Party newspaper that promotes government policies. We find that the 

positive association between firm-specific information and analysts’ forecast accuracy is even 

stronger for analyst reports that contain more political content than less political content.  

Second, we identify two different events that heightened political influence on a subset of 

firms in our sample. The first event relates to the turnover of provincial politician (governor or 

party secretary). When a province undergoes a politician turnover, firms that are headquartered in 

the province will experience a disruption in their political ties, which heightens the political effects 

on the firms. For these set of firms, we find that the relationship between firm-specific information 

and analysts’ forecast accuracy is stronger in the two years after the politician turnover. The second 

event relates to the different industrial policies that are being promoted by local provinces. 

Provinces in China are highly decentralized in their industrial policies and support different sets 

of industries in their five-year plans.5 When provincial leaders are promoting certain industries, 

the firms belonging to those industries will experience increased political influences. For these set 

of firms, we document that the relationship between firm-specific information and analysts’ 

forecast accuracy is stronger during the years in which the underlying industry is being supported. 

Third, we interact firm-specific information with two separate measures of the institutional 

environment of the province in which the firms operate. We find that firm-specific information is 

even more valuable to forecasting when the firms operate in provinces with greater government 

intervention or weak private property rights protection. These results provide supporting evidence 

                                                      
5 Among the 19 industries (based on China’s 2-digit SIC code) that are supported by at least one province, only 4 

industries have policies that are supported by at least 30 of the 34 provinces (including provincial level administrative 

units). Ten of the 19 industries are supported by fewer than 10 provinces.  
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that politics in China increases the positive association between the specificity of financial analysts’ 

information and forecast accuracy.    

We provide two validity checks for the LDA classification. First, we correlate the financial 

analyst reports’ topics with firms’ earnings components based on the Ball and Brown (1967) model. 

We find that the average relative weight of the firm-specific topics of a firm is significantly 

positively associated with the level of its firm-specific component of the earnings innovation. 

However, the average relative weight of the non-firm-specific topics is not associated with the 

firm-specific component of the earnings innovation. Our second validation test is based on the 

stock return synchronicity measure in Morck et al. (2000). We find that firms with higher average 

relative weight of firm-specific topics in their analyst reports are associated with lower stock return 

synchronicity.  

Finally, we use analyst departure as a shock to the firm’s information environment, to 

demonstrate whether the information disseminated via the analysts has a causal effect on firm-

specific information in the market. By showing that the firm-specific information can impact stock 

returns and increase the market’s information environment, it provides credence to our main 

argument that the specific-information in the analyst reports has information value and can give 

analysts comparative advantage in forecasting. To perform the test, we compare the effect on a 

firm’s stock return synchronicity by its departing analysts that produce higher level (top quartile) 

of firm-specific topics prior to its departure vs. those that produce fewer firm-specific topics 

(bottom quartile). We define the analyst’s departure as the analyst no longer provides forecasts for 

any firms in the sample after the departure. Our results show that there is a more significant 

increase in a firm’s 12-month stock return synchronicity after the departures of its analysts that 

produce more firm-specific topics than those that produce fewer firm-specific topics.  
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Our paper contributes to the literature in several ways. First, prior research finds that U.S. 

analysts value and benefit from private information from management (Brown et al., 2015), and 

especially through frequent interactions because of proximity (O’Brian and Tan, 2014) and social 

ties (Cohen et al., 2010). However, no study has specifically looked at whether it is the firm-

specific or non-firm-specific information obtained privately from the firms that increase analysts’ 

forecast quality. Second, past studies find that U.S. analysts’ core competence is in their ability to 

provide industry-specific information to the market (Piotroski and Roulstone, 2004), and this 

ability gives them information advantage over firm managers (Hutton et al., 2012; Ali et al., 2017). 

We find that in a relationship-based economy like China, where information about firms’ 

relationships is not readily available in public but essential for forecasting performance, analysts 

build their competitive edge by gathering and disseminating firm-specific information, not non-

firm-specific information. More importantly, politics in China can increase the positive association 

between the specificity of financial analysts’ information and forecast accuracy.    

Second, this study adds to a growing literature on the role of information intermediaries in 

China. Li et al. (2018) find that in China private information on firms’ relationships, which is 

otherwise hard to be disclosed, is disseminated to the public via analysts that share social ties with 

the firms. We argue that this private information is likely to be the firm-specific information and 

it provides them with a stronger comparative advantage in forecasting earnings than non-firm-

specific information. Also, two recent papers, Piotroski et al. (2017) and You et al. (2017) use tone 

analysis and find that the corporate news in Chinese media is positively biased. In this paper, we 

use a topical modeling analysis to study the topics of financial analysts and find that the firm-

specific information disseminated in their reports is giving them an edge in forecasting earnings 

and providing the market with firm-specific information. 
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Third, our results contribute to a growing accounting and finance literature that uses the 

LDA method in studying the content of firm disclosures and analyst reports. Huang et al. (2017) 

compare the similarity of the thematic content of the conference calls and subsequent analyst 

reports and examine if the analysts provide new information to the market. Using a similar 

approach, Bushman et al. (2017) study the content of banks’ 10K business description and MD&A 

discussions, and find that a bank’s systemic risk is positively associated with its similarity in 

topical content with other banks. In this study, instead of identifying how similar the documents 

(analyst reports and 10Ks) are based on their thematic content, we are interested in measuring how 

specific each topic is in the documents (analyst reports). That is, we consider a topic to be firm-

specific (non-firm-specific) if it appears in the analyst reports of fewer (more) firms.  

Fourth, this paper adds to the literature on stock return synchronicity pioneered by Morck 

et al. (2000). Our finding of the negative association between analysts’ dissemination of firm-

specific information and firms’ stock return synchronicity provides support to their interpretation 

that low synchronicity is driven by firm-specific information but not noise. This interpretation is 

further supported by the result that the firm-specific information used in the study is associated 

with higher forecast accuracy.6  

The remainder of the paper is organized as follows. Section II discusses the hypothesis 

development of the study. Our data and sample are discussed in Section III and results are 

presented in Section IV. We conclude our study in Section V.  

2. Hypothesis Development 

                                                      
6 Our results provide another explanation for why countries have low R2. When protection of private property rights 

is weak, firms engage in relationship-based transactions. Since these relationships are proprietary and hard to verify, 

the firms provide very little public disclosures and reporting of these relationships to the market, which explains the 

firms’ high stock return synchronicity. Moreover, our evidence shows that financial analysts play the role of gathering 

and disseminating this private firm-specific information to the market, thereby narrowing the gap in stock return 

synchronicity of relationship-based economies with market-based economies.  
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Firms operating in a relationship-based environment often turn to informal mechanisms for 

contracting since public laws and courts are ineffective against opportunism. These relational 

contracts increase firms’ opacity because relationships are proprietary and hard to verify (Rajan 

and Zingeles, 1998; Li et al., 2018). Thus, firms do not make voluntary disclosures about these 

relationships to the market. This is consistent with the results in Morck et al. (2000) that markets 

with weak property rights protection have high R2 or low stock return synchronicity (China is the 

second highest in the world in R2), suggesting that firm-specific information is not readily available 

in these economies. The high R2 indicates that the market prices have incorporated information 

that is more related to industry or market-level information, rather than firm-specific information.  

In such an information environment, Chinese financial analysts cannot rely on publicly 

available firm-specific information for their analysis and formulating earnings forecasts. Even in 

the U.S. where there is more firm-specific information in the market (U.S. is ranked the highest in 

the world in R2 in Morck et al., 2000), Piotroski and Roulstone (2004) find that financial analysts 

mainly provide industry or general information rather than firm-specific information to the market. 

This could be particularly true for China since the government embarks on a different set of 

industrial policies in each of the five-year plans. Like the U.S. financial analysts, their Chinese 

counterparts also build their core competence in analyzing industries by providing analyses on 

how a particular policy or a set of policies will impact a certain industry. When comparing with 

U.S. financial analysts, the Chinese analysts may even be more specialized in providing industry-

specific information rather than firm-specific information to the market.  

On the other hand, financial analysts may develop their comparative advantage by 

providing firm-specific information to the market in a relationship-based economy. Chinese 

analysts make transaction-specific investments such as paying frequent site visits to the firms 
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(Cheng et al., 2016) and/or building personal relationships with the firms (Li et al., 2018) and their 

other stakeholders. The analysts can accumulate a mosaic of information about the firms’ 

relationships with their key stakeholders through their frequent interactions and communication 

with the firms. The transfer of the information of the firms’ relationships can be done privately to 

protect its propriety. Over time, the analysts’ relationships with the firms and their networks will 

enable them to verify the strength of their relationships. The transfer of this information does not 

violate China’s Reg FD because it is not about a material event that can significantly move stock 

prices.7 With this knowledge, however, the analysts can combine it with a seemingly immaterial 

piece of private or public information and make a more accurate forecast that they would not be 

able to do otherwise (see Appendix I for the four examples). Thus, we predict that analysts in 

relationship-based economies do provide information pertaining to the key relationships of the 

firms that they follow.8 Since every relationship is unique, this kind of information is likely to be 

firm-specific.  

With these arguments, we can reconcile our prediction with the results in Piotroski and 

Roulstone (2004). Chinese firms have few firm-specific information because it is hard to disclose 

the relationships associated with the relational contracts. However, Chinese analysts play the role 

as the embedded intermediaries by providing firm-specific information to the market. Thus, they 

help to reduce the synchronicity but not to the level of the U.S. because this way of firm-specific 

information dissemination is not as efficient as firms’ direct voluntary public disclosures in the 

U.S. market. In the U.S., a high level of firm-specific information has been disclosed to the market 

by the firms. Analysts’ comparative advantage is in identifying common information components 

                                                      
7 China’s Reg FD stated in China Securities Regulatory Commission Articles 40 and 128.  
8 The analysts will not reveal proprietary information about the firms’ relationships but share information pertaining 

to the relationships. For example, they will talk about how certain government policy will benefit a firm without 

revealing details about the firm’s close relationship with the government.  
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of the firm-specific information in the industry and how specific information of one firm affects 

another firm in the same industry. In China, since firm-specific information is less readily available 

and the industry’s common information component is harder to identify because the effect of 

industrial policies depends on firms’ political relationships, financial analysts build their core 

competence on collecting firm-specific information rather than industry-specific information.  

Therefore, on the one hand, there are reasons to believe that the industry-specific and 

market-wide information gathered by the Chinese financial analysts give them the comparative 

advantage in forecasting because firms in general are very opaque in disclosing firm-specific 

information. On the other hand, the Chinese financial analysts’ core advantage may be in 

disseminating firm-specific information to the market because it is difficult for the firms to directly 

disclose their relationships to the market. Our first hypothesis is as follows:  

H1: The firm-specific information is more positively associated with the analyst’s relative earnings 

forecast accuracy than the non-firm-specific information in an analyst’s report.  

 

Our second hypothesis is to examine if politics increases or decreases the association 

between the specificity of financial analysts’ information and their forecast accuracy. We posit 

that when the political influence on firms increases, firm-specific information that is likely to 

capture such increase in political impact on firm performance will have a stronger association with 

forecast accuracy. We argue that this political information is likely to be firm-specific because the 

government exerts influence on firms via relationships. Even for firms that are subject to 

government’s industrial policies in each five-year plan, the impact of the policies on each firm 

may depend on how the local politician is connected to the firm in her own locality. That is, a local 

government policy may support an industry but the real benefits may only go to certain firms that 

are connected to the local politician. Thus, a local industrial policy may not necessarily benefit all 
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the firms in a particular industry simultaneously. Some firms may be hurt by the policy because 

favorable terms may only go to the connected firms and the unconnected firms’ competitive 

strength may be weakened. To evaluate how an industrial policy will affect a firm in a particular 

region, the financial analysts will need to know the firms’ relationship with the local politician that 

has the power to allocate resources.    

To test this prediction, we use three different approaches to capture the amount of political 

influence on the firms at the time when the analyst report is produced. First, we measure the 

political content of the entire analyst report using a word list of political words.9 We also use the 

similarity in thematic content between the analyst report and the political and economic sections 

of the People’s Daily newspaper to gauge the amount of political content in the report. The 

People’s Daily is a newspaper controlled by the Chinese central government which publishes 

content to promote government policies. The political content in the analyst reports captures the 

amount of political influence on the firms.  

Our second approach directly identifies firm-years with high political influence. The first 

event relates to the turnover of provincial politician (governor or party secretary). When provinces 

undergo politician turnover, firms that are headquartered in those provinces will experience a 

disruption in the firms’ political ties and increases the uncertainty of political effects on the firms. 

The second event relates to the different industrial policies that are being promoted by provincial 

leaders. Provinces in China are highly decentralized in their industrial policies and support 

different sets of industries in their five-year plans. When provincial leaders are promoting certain 

                                                      
9 Our list of Chinese political words is based upon the Dictionary of Scientific Development (Xi 2007). This word list, 

which is used in Piotroski, Wong, and Zhang (2017) for measuring the political content of corporate news, contains 

Chinese political phrases and political slogans included in official Chinese Communist Party economic policy 

documents between 1978 and 2008, and was created by the government to celebrate 30 years of economic reforms.   
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industries, the firms belonging to those industries will experience increased government 

intervention. 

Our final approach takes advantage of the variation in institutional differences across 

provinces in China. We posit that the firm-specific information is more positively associated with 

forecast accuracy in provinces with more government intervention or weak protection of property 

rights. This test will provide corroborating evidence that the effect of politics on analysts’ 

information specificity is likely to be coming from government’s political influence on firms. We 

use the first two approaches for the tests in Hypothesis 2a, and the third approach for Hypothesis 

2b.   

H2a: The positive association between firm-specific information and relative earnings forecast 

accuracy increases as the political influence on the firms increases.   

 

H2b: The positive association between firm-specific information and relative earnings forecast 

accuracy is stronger in provinces with more government intervention and weaker property rights 

protection.  

 

3. Sample and Empirical Measures 

3.1 Sample 

Our sample spans from January 2010 to December 2015. We obtain 196,243 unique analyst 

reports from Today Investment Co. Each of these reports usually contains multiple forecasts over 

different horizons or time periods. Therefore, we first remove all quarterly forecasts, and if there 

are still multiple annual forecasts remaining, we retain the forecast that is closest to the report date. 

This is based on the assumption that the content of each report is most relevant to the earnings of 

the year closest to the report’s issuance date. For example, an analyst report filed on May 5, 2010, 

may contain forecasts for the year ending 2010, 2011, and 2012. Our selection procedure would 

limit our attention to the 2010 forecast only.  
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We begin with a sample of 2,703 unique firms. Since our main analyses focus on the relative 

forecast accuracy among analysts, we restrict our sample to the latest report issued before earnings 

announcement by each analyst for each firm in each year. It is important to note that this 

requirement has reduced the sample by more than half (from n=196,243 to 87,332).  

We extract all forecast related data from Today Investment, which includes: Forecast EPS, 

Report Date, Brokerage Name, Brokerage Classification, Analyst Name, Company Name and 

Forecast Period. All other accounting data are obtained from The China Stock Market and 

Research Database (CSMAR). The analysts’ external ranking (the star analyst status) is obtained 

from the New Fortune magazine.  We manually match the analyst names in our sample with the 

New Fortune list—the match is made for the year prior to the year in which the New Fortune 

magazine was published. 

3.2 Measuring analyst report content 

We use Latent Dirichlet Allocation (LDA), one of the most popular topical-modeling 

techniques in textual analysis developed by Blei et al. (2003), to identify topics and their 

corresponding distributions within each analyst report. Past research has shown that LDA can 

meaningfully capture the topics of the textual content of analyst reports and 10-Ks (Bao and Datta, 

2014; Dyer et al., 2017; Hoberg and Lewis 2017; Huang et al., 2017). The advantage of LDA topic 

modeling is that it is an unsupervised learning algorithm and hence does not require any labeled 

data to generate the topics. The LDA algorithm assumes that each document can be represented 

by a mixture of topics, and each topic also can be characterized by a probability distribution over 

the words.  After specifying the number of topics, the algorithm will learn the probability 

distribution over all the words for each topic. More importantly, for each document, the algorithm 
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will also identify the distribution of topics within it. We rely on the document-topic distribution 

discovered by LDA to identify the content of the analyst reports. 

After extracting all the words within the 196,243 analyst reports, we do a number of steps to 

preprocess the documents. First, we remove all stop words, digits and lemmatization from our 

word corpus. Next, we remove all the words that either appear in more than 95% of our reports or 

in less than 3 articles. After this filtering procedure, we restrict our corpus to the 218,335 words 

that appear most frequently in our documents.  

Using this corpus, we determine the optimal number of topics using Coherence score. 10 

Starting from 100 topics, we calculated the Coherence score with 10 topics increments when the 

number of topics is less than 600 and 50 topics increments when the number of topics goes beyond 

600 for concern of calculating and find that 370 topics provide the highest Coherence score. 

Therefore, we instruct the LDA algorithm to generate 370 topics and base our main results on 370 

topics.11 We have also set our topics to 200 and 500, and as discussed in Subsection 4.6, the results 

of the main test remain qualitatively the same.  

3.3 Firm-Specific-Topic classification 

As presented in Table 1 Panel A, our topical classification procedure yields a total of 103 

firm-specific topics, 103 general topics and 60 industry-specific topics. Each topic is considered 

relevant to an analyst report or to a firm if it appears with a topical weight of at least 1% in the 

report. On average the firm-specific topics are relevant to ~78 firms, while the general topics are 

                                                      
10 Researchers employ a variety of metrics such as perplexity or held-out likelihood to determine the optimal number of topics 

when using LDA. While, such measures are useful for evaluating the predictive model, they do not ensure the interpretability of 

the topic output. For example, Chang, Boyd-Graber, Gerrish, Wang and Blei (2009) find that these metrics (perplexity and held-

out likelihood), which achieve better predictive perplexity, often cluster keywords from multiple unrelated ideas into one topic, 

resulting in outputs that are less interpretable. Since the objective of this paper is to identify topics containing firm-specific 

information, we want to prevent our topics from containing keywords that pretends to multiple unrelate ideas, hence we rely on 

Coherence score to identify the optimal number of topics.   
11 LDA topics also requires two hyper-parameters; alpha and beta. Alpha affects the sparsity of the document-topic distribution and 

beta affects the sparsity of topic-word distribution. Both default to a symmetric 1.0/number of topics. 
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relevant to ~314 firms and the industry specific topics are relevant to 123 firms (Panel B). While 

on average firm-specific topics account for ~45% of the analyst reports, and the general topics 

account for ~32% of the analyst reports and the industry topics accounts for ~11% of the analyst 

reports.  

4. Empirical Results 

 

4. Analyst comparative advantage  

In this section, we first examine the type of information that creates the comparative 

advantage among financial analysts in making earnings forecasts. We then provide validation tests 

to show if our topical measures can capture firm-specific and non-firm-specific information. 

Finally, we use firm-specific-political topics to provide supporting evidence that information about 

firms’ relationships is the source of analysts’ comparative advantage in forecasting.   

4.1 Measuring analyst comparative advantage 

 Forecast accuracy is one of the most important dimension along which analysts and their 

brokerage houses compete. Following Bae et al. (2008) we measure relative forecast accuracy as 

the proportional mean absolute forecast error. More specifically, we define relative forecast 

accuracy as the ratio of the difference between the absolute forecast error of analyst i of firm j’s in 

fiscal year t , AFEi,j,t, and the average absolute forecast error across all analysts of firm j’s fiscal 

year t, AvgAFEi,j,t, to the mean absolute forecast error. i.e., 

 

Relative Forecast Accuracyi,j,t= 
𝐴𝐹𝐸𝑖,𝑗,𝑡−𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡

𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡
   (1) 

 

A positive value for this variable indicates that the absolute forecast error of analyst i of firm j in 

fiscal year t is larger than the average absolute forecast error of all the forecasts of firm j in the 

same fiscal year. 

4.2 What kind of information leads to analyst comparative advantage? 
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 To examine which type of information leads to analyst comparative advantage, we estimate 

in Table 4 the following pooled analyst-level regression which controls for firm, brokerage and 

analyst characteristics:   

Relative Forecast Errori,j,t = α + β WFirmspecifici,j,t + Control Variables +  FEFirm,    (2) 

 As mentioned above, we define Relative Forecast Errori,j,t as the proportional mean 

absolute forecast error of the latest earnings forecast by analyst i of firm j in year t. Our variable 

of interest, WFirmspecifici,j,t, is the relative weight of firm-specific topics in the analyst report. A 

negative and significant coefficient on WFirmspecifici,j,t will indicate that firm specific information 

gives the financial analyst comparative advantage in forecasting earnings.  

 Since our measure of Relative Forecast Errori,j,t has already been de-meaned based on 

other forecast errors issued for the same firm during the same year, we include only the firm fixed 

effects and exclude the year fixed effects (however our main results remains similar when we 

include both firm and year fixed effects). To control for additional time-varying differences of the 

firm characteristics, we include several firm-specific control variables which may explain the 

content of the analyst reports. BMj,t is the book-to-market ratio of firm j measured at the beginning 

of the year t. Sizej,t is the natural log of firm j’s total market value at the beginning of the year t. 

Lossj,t is an indicator variable which takes the value of 1 if firm j is a loss firm in year t, and zero 

otherwise. Next, we include two market-based variables to control for the changes in the 

information environment. Volumej,t is the natural log of the annual trading volume in thousands of 

RMB (Chinese Yuan) for firm j and year t. Stdretj,t is the standard deviation of daily returns for 

firm j in the calendar year t. Finally, we include two additional variables to control for the demand 

that different clientele may have for analyst reports. Institutions_Sharej,t is the percentage of 

institutional ownership and %Foreign Analystsj,t is the percentage of foreign analysts of firm j in 



18 

 

year t. Distancei,j,t is an indicator variable which takes the value of 1 if firm j’s headquarters is in 

the same province as analyst i’s brokerage house in year t. Foreign_Ownershipj,t is the percentage 

of shares outstanding that is owned by foreign investors for firm j in year t.12 

We also include several brokerage or forecast specific variables to control for differences in 

resources among the brokerage houses. Horizonr,i,j,t is the number of years between analyst i’s 

forecast in report r for firm j and the firm’s fiscal year end in year t. Brokersize_Analysti,t is the 

number of analysts hired by analyst i’s brokerage for year t. Brokersize_Firmi,t is the number of 

Chinese firms covered by analyst i’s brokerage for year t.  

On top of these, we use several analyst specific variables to control for analysts’ ability. 

Specializationi,t is the number of different industries that analyst i covers in year t. 

Experience_Firmi,j,t captures the firm-specific experience of analyst i and is measured as the 

number of years between the analyst’s first forecast for firm j and the day of report r in year t. 

Experiencer,i,t captures the overall experience of analyst i and is measured as the number of years 

between the analyst’s first forecast for any firm in the database and the day of report r in year t. 

Stari,t is an indicator variable which takes the value of 1 if analyst i is nominated by the New 

Fortune Magazine as a star analyst in the year prior to year t. A summary of all the variable 

definitions is presented in Appendix II. The summary statistics of the control variables are reported 

in Table 2. 

The results in column 1 of Table 3 show that the coefficient on WFirmspecifici,j,t is 

significantly negative, consistent with our conjecture that, analysts with more firm specific 

information have a higher comparative advantage. However, moving onto non-firm-specific 

                                                      
12 Foreign ownership data are not available publicly, but Chinese firms disclose the identity and percentage of stock 

ownership of each firm’s top 10 shareholders. We use this to proxy for the foreign ownership by summing the stock 

ownership of the top 10 owners that are foreign and treat the firms without top 10 owners that are foreign as firms 

with zero foreign ownership.  
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information, the coefficient on WNonFirmspecifici,j,t, is positive and significantly different from 

zero, implying that having non-firm-specific information does not increase an analyst’s 

comparative advantage. In addition, our results remain similar, when we decompose non-firm-

specific topics into general (WGenerali,j,t) and industry topics (WIndustryi,j,t) in Column 3 and 

including both firm-specific and non-firm-specific topical weights in the same regression 

(Columns 4 and 5).  

4.3 Firm-Specific-Topic validation 

 We use two different methods that prior literature employs to capture firm-specific 

information to validate our topical classifications. First, similar to Piotroski and Roulstone (2004), 

we use stock return synchronicity to measure the amount of firm-specific, industry-level and 

market-level information impounded into stock prices. For each firm-year observation, we regress 

weekly returns on the current and prior week’s equally-weighted market return (MARETj,t) and the 

current and prior week’s equally-weighted one-digit industry return (INDRETj,t), or:  

 

𝑅𝐸𝑇𝑗,𝑡 = 𝛼 + 𝛽1𝑀𝐴𝑅𝐸𝑇𝑗,𝑡 + 𝛽2𝑀𝐴𝑅𝐸𝑇𝑗,𝑡−1 + 𝛽3𝐼𝑁𝐷𝑅𝐸𝑇𝑗,𝑡 + 𝛽4𝐼𝑁𝐷𝑅𝐸𝑇𝑗,𝑡−1 + 𝜀𝑗,𝑡 (3) 

 

We estimate this regression for each firm-year with 45 weekly observations and define 

synchronicity as: 

𝑆𝑌𝑁𝐶𝐻𝑗,𝑡 = ln⁡(
𝑅2

1−𝑅2
)     (4) 

Lower value of SYNCHj,t indicates that a firm’s stock returns are less closely tied with the market 

and industry and are assumed to reflect more firm-specific information. To test whether our 

classification reflects firm-specific and non-firm specific information, we estimate the following 

pooled firm-year model: 
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𝑆𝑌𝑁𝐶𝐻𝑗,𝑡 = 𝛼0 + 𝛽1𝐴𝑣𝑔_𝐹𝑖𝑟𝑚𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑗,𝑡 + 𝛽2𝐹𝑢𝑛𝑑_𝐶𝑜𝑟𝑟𝑗,𝑡 + 𝛽3𝐿𝑛(𝐻𝑒𝑟𝑓𝑗,𝑡) +

𝛽4𝑆𝑇_𝑅𝑂𝐴𝑗,𝑡 + 𝛽5𝐿𝑛(𝑁𝐼𝑁𝐷𝑗,𝑡) + 𝛽6𝑆𝑖𝑧𝑒𝑗,𝑡 + ∑ 𝐹𝑖𝑟𝑚𝑗,𝑡
𝑛
𝑗 + ∑𝑌𝑒𝑎𝑟𝑡 + 𝜀𝑗,𝑡      (5) 

To control firm and year fixed effects, we include an array of firm and year indicator 

variables. To control for additional cross-sectional and time-varying differences, we include the 

correlation of the firm’s earning with industry earnings (Fund_Corrj,t), the industry-level 

Herfindahl index (Herfj,t) then volatility of the firm’s earnings stream (STD_ROAj,t), the number 

of firms in the industry (NINDj,t), and firm size (Sizej,t). After controlling for these attributes, we 

examine whether the average firm-specific topic weight (Avg_Firmspecificj,t), and the average 

non-firm-specific topic weight (Avg_NonFirmspecificj,t) across all reports issued for firm j in year 

t,  is associated with stock return synchronicity. Our standard errors are clustered on firm and year.  

As shown in Table 4, we find that when Avg_Firmspecificj,t is high, firm j’s stock return 

synchronicity is significantly lower (column 1), implying that more firm-specific information is 

impounded into firm j’s stock prices.  In contrast, when Avg_Generalj,t is high (column 2), firm j’s 

stock return synchronicity is also significantly higher, implying that less firm-specific information 

is impounded into firm j’s stock prices. We observe similar results when we replace Avg_Generalj,t 

with Avg_Industryj,t (column 3).  

  Second, similar to Ball and Brown (1987) we use the amount of fundamental earnings that 

cannot be predicted by the market and industry earnings to identify the firm specific earnings 

component. More specifically, for each firm-year observation, we regress the change in ROA 

(∆ROA𝑗,𝑡−𝛿) on the change in quarterly market ROA (∆ROA𝑚𝑘,𝑡−𝛿) and industry change in ROA 

(∆ROA𝑖𝑛𝑑,𝑡−𝛿), or: 

∆ROA𝑗,𝑡−𝛿 = 𝛼𝑖,𝑡 + β𝑗,𝑡∆ROA𝑚𝑘,𝑡−𝛿 + γ𝑗,𝑡∆ROA𝑖𝑛𝑑,𝑡−𝛿 + ɛ         (6) 
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We estimate this regression for each firm-year with 40 quarterly observations and use the estimated 

coefficients to calculate the expected change in ROA of firm j in period t, or: 

𝐸(∆ROA𝑗,𝑡) = 𝛼𝑗,𝑡̂ + β𝑗,𝑡̂∆ROA𝑚𝑘,𝑡 + γ𝑗,𝑡̂∆ROA𝑖𝑛𝑑,𝑡 + ɛ            (7) 

We define the firm-specific earnings innovation as the absolute difference between the actual 

∆ROA𝑗,𝑡 and  𝐸(∆ROA𝑗,𝑡), or: 

𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗,𝑡 = 𝑎𝑏𝑠|∆ROA𝑗,𝑡 − 𝐸(∆ROA𝑗,𝑡)|            (8) 

Higher value of 𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗,𝑡 indicates more firm-specific earnings innovation. To test 

whether our classification reflects firm-specific and non-firm-specific information, we replace 

𝑆𝑌𝑁𝐶𝐻𝑗,𝑡 in equation (5) with 𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗,𝑡: 

𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗,𝑡 = 𝛼0 + 𝛽1𝐴𝑣𝑔_𝐹𝑖𝑟𝑚𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑗,𝑡 + 𝛽2𝐹𝑢𝑛𝑑_𝐶𝑜𝑟𝑟𝑗,𝑡 + 𝛽3𝐿𝑛(𝐻𝑒𝑟𝑓𝑗,𝑡) +

𝛽4𝑆𝑇_𝑅𝑂𝐴𝑗,𝑡 + 𝛽5𝐿𝑛(𝑁𝐼𝑁𝐷𝑗,𝑡) + 𝛽6𝑆𝑖𝑧𝑒𝑗,𝑡 + ∑ 𝐹𝑖𝑟𝑚𝑗,𝑡
𝑛
𝑗 + ∑𝑌𝑒𝑎𝑟𝑡 + 𝜀𝑗,𝑡         (9) 

As demonstrated in column 4, the coefficient on Avg_Firmspecificj,t is positive and 

significant, implying that the average firm-specific topical weight is positively associated with the 

amount of firm-specific earnings innovation. In contrast, the coefficient on Avg_Generalj,t and 

Avg_Industryj,t is insignificantly different from zero (columns 5 and 6). 

4.4 Does political influence alter the relationship between firm-specific information and analyst 

forecast accuracy? 

4.4.1 Using political content within analyst reports to capture political influences 

In this subsection, we use the amount of political content within a firm’s analyst reports to 

proxy for the amount of political influence. We use two different ways to measure political content 

in an analyst report. First, we measure political content using Political Wordsi,j,t, the percentage of 
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political words within the documents.13 Second, we use the political and economic sections of the 

People’s Daily newspaper as a benchmark for political content. The People’s Daily is a newspaper 

controlled by the Chinese central government which publishes content to promote government 

policies. We use two methods to quantify the amount of overlap in content between the People’s 

Daily newspapers and the analyst’s reports.  

Our first method is based on the Tf-idf cosine similarities (term frequency-inverse 

document frequency). Each document is represented as a vector of size V, where V is the size of 

vocabulary, i.e. the number of unique words appear in the corpus.  Similarities of two documents 

(vectors) can be measured by: 

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗,𝑑 = cos(𝜃) =
𝑨.𝑩

‖𝑨‖‖𝑩‖
     (10) 

, where A stands for the vectors of words in analyst i's report for firm j in year t and B stands for 

the vectors of words in an article in the people’s daily newspaper in day d. 

Cosin_ Similarityi,j,t  is the median value of all the Similarityi,j,d value between analyst i's 

report for firm j in year t and all the articles in the political and economic sections of The People’s 

Daily between year t-1 to year t+1.  

Our second method is based on the distance between the LDA topics in the analyst’s report 

and the newspaper. Using LDA we calculate each document’s topic distribution  and compare the 

topic distribution between the analyst’s report and the newspaper. We calculate the similarity 

between LDA topic as: 

𝐿𝐷𝐴𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗,𝑑 = −∑
(𝑥𝑙−𝑦𝑙)

2

(𝑥𝑙+𝑦𝑙)

𝑁
𝑙=1      (11) 

                                                      
13 Our list of Chinese political words is based upon the Dictionary of Scientific Development (Xi 2007). This word list, 

which is used in Piotroski, Wong, and Zhang (2017) for measuring the political content of corporate news, contains 

Chinese political phrases and political slogans included in official Chinese Communist Party economic policy 

documents between 1978 and 2008, and was created by the government to celebrate 30 years of economic reforms.   
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, where 𝑥𝑙 ⁡is the topic distribution of topic l for analyst i’s report for firm j in year t and 𝑦𝑙 is the 

topic distribution of topic l for an article in The People’s Daily newspaper article on day d.  

 LDA_Similarityi,j,t is the median value of all the LDASimilarityi,j,d value between analyst i's 

report for firm j in year t and all the articles in the political and economic section of The People’s 

Daily between year t-1 to year t+1.  

 In Table 5, HighPolitical1j,t is an indicator variable which takes on the value of 1 when the 

average Cosin_ Similarityi,j,t  across all of firm j’s analyst reports is higher than the median across 

all firms. Similarly, HighPolitical2j,t and HighPolitical3j,t are indicator variables which takes on 

the value of 1 when 𝐿𝐷𝐴𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦𝑖,𝑗,𝑡 and Political Wordsi,j,t  across all of firm j’s analyst reports 

are higher than the median across all firms, respectively. We then interact these three indicator 

variables with WFirmspecifici,j,t to identify topics that are likely to both political and firm-specific. 

In Columns (1) to (3), we find that the relative forecast error is significantly lower when both firm 

specific topics and political content are higher. This support for hypothesis that political influences 

increases the importance of firm-specific information.  

4.4.2 Politician turnover and provincial level industry policies 

Using the two events discussed in Section 2, we identified a subset of firms-year in which 

the underlying firms are experiencing increased political influences. In Table 6, Turnoverj,t  is an 

indicator variable which takes on the value of 1 if firm j is headquartered in the province in which 

there is a key politician (secretary or mayor) turnover in year t or t-1. Policyj,t is an indicator 

variable which takes on the value of 1 if firm j belongs to an industry (2-digit SIC) that is being 

promoted by firm j’s headquarter province in year t. 

In Column (1) when we interact WFirmspecifici,j,t with Turnoverj,t and in Column (2) when 

we interact WFirmspecifici,j,t with Policyj,t, we find both interaction terms are negative and 
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significant, indicating that for these firms, firm-specific information is more important during these 

periods with heightened political influence. Overall, our results suggest that the relationship 

between firm-specific content and forecast accuracy can be significantly moderated by the level 

of political influence. 

4.4.3 State level government interventions and property rights protection  

 In this subsection, we provide further evidence that the effect of analysts’ information 

specificity has on forecast accuracy is likely to be coming from government’s political influence 

on firms. The level of government interventions and property rights protections varies significantly 

between provinces. We use two indicator variables to capture this cross province institutional 

variation. HighGovIntj,t is an indicator variable which takes on the value of 1 if GovInterventionj,t 

is above median across all provinces in year t. LowPptRightj,t is an indicator variable which takes 

on the value of 1 if PptRightj,t  is below median across all provinces in year t.For firms that are 

within provinces with either high level of government intervention or poor property rights 

protection, we expect the firm-specific content to play an even more significant role in the analyst’s 

comparative advantage in forecasting earnings.  

 Table 6 Columns 3 and 4 shows that firm-specific information is even more significant in 

provinces where either government intervention is high, or property rights protection is weak. This 

result supports the conjecture that in provinces where government plays a bigger role, firm-specific 

information is providing an even stronger comparative advantage to the financial analysts to 

forecast.  

4.5 Additional Tests 

4.5.1 Do Chinese analysts provide firm-specific information to the market? 
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Our earlier test in Table 4 is consistent with our conjecture that analysts are providing firm-

specific information to the market. However, the content inside an analyst’s report is not randomly 

determined. Our earlier findings may be driven by the fact that analysts are simply including more 

firm-specific content when there is more firm-specific information in the market as reflected by 

the lower stock price synchronicity. We address this concern by investigating firms that experience 

one or more analyst/s departure. We define an analyst as having departed, if the analyst stops 

providing any forecast in our dataset. To ensure that we are capturing meaningful departures, we 

also require the analyst to have existed in our dataset for at least two years before departure. As 

shown in Table 7 Panel A, during our sample period, there is a total 1,068 analyst departures, and 

these departures are evenly distributed across 2011, 2012 and 2013.14 We do not include any 

departures in year 2014 and 2015 because we cannot determine if the analysts have actually 

departed or are merely temporarily missing from our dataset. 

Our departure event sample includes all firms that have at least one departing analyst. 

Among all the departing analysts, we classify them into either firm-specific or non-firm-specific 

analysts. To do that, we first rank all the analysts based on the amount of firm-specific information 

in all their reports. We then classify an analyst to be a firm-specific (non-firm-specific) analyst if 

he/she is ranked in the top (bottom) quartile. We exclude from our regression departures of analysts 

that do not belong to these two extreme quartiles. This regression compares the effect that a firm-

specific analyst’s departure has on post-departure stock return synchronicity, relative to that of the 

departure of a non-firm-specific analyst. The test is akin to a difference-in-differences model 

where we use the non-firm-specific analysts’ departure to control for unobserved factors that may 

                                                      
14 We stop our departure year in 2013 to ensure that each departing analyst has left the profession for at least two years.   
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confound the departing sample. The departure of firm-specific analysts is the treatment group. 

Equation (12) shows the regression model for the departure test: 

𝑆𝑌𝑁𝐶𝐻𝑗,𝑡 = 𝛼0 + 𝛽1Departure𝑖,𝑡 × 𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑖 + 𝛽2𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑖 +

𝛽3Departure𝑖,𝑡 + 𝛽4𝐹𝑢𝑛𝑑_𝐶𝑜𝑟𝑟𝑗,𝑡 + 𝛽5𝐿𝑛(𝐻𝑒𝑟𝑓𝑗,𝑡) + 𝛽6𝑆𝑇_𝑅𝑂𝐴𝑗,𝑡 + 𝛽7𝐿𝑛(𝑁𝐼𝑁𝐷𝑗,𝑡) +

𝛽8𝑆𝑖𝑧𝑒𝑗,𝑡 + ∑ 𝐹𝑖𝑟𝑚𝑗,𝑡
𝑛
𝑗 + ∑𝑌𝑒𝑎𝑟𝑡 + 𝜀𝑗,𝑡                   (12) 

The unit of analysis is firms with a departing analyst (i)- pre-/post-(t). A firm is considered to 

have a departing analyst if the analyst issued the last earnings forecast for the firm during the year 

that the analyst departs. We limit the pre- (post-) departure observations included in the regression 

to within one year of the analyst’s departure. We calculate the pre-departure 𝑆𝑌𝑁𝐶𝐻𝑗,𝑡 starting 

395 days and ending 30 days before the analyst departure. We calculate the post-departure 

𝑆𝑌𝑁𝐶𝐻𝑗,𝑡 starting 30 days and ending 395 days after the analyst’s departure. 

𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑖  is an indicator variable that takes a value of 1 if departure event 

involves a firm-specific-analyst, and zero otherwise. ⁡𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒𝑖,𝑡⁡is an indicator variable that 

takes a value of 1 for observations after the departure event, and zero otherwise. Thus, the 

𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒𝑖,𝑡 variable captures the mean changes in a firm’s synchronicity following the departure 

of an analyst, i.e., 365 days following the departure. The interaction term 𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒𝑖,𝑡 ×

𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑖  is our main variable of interest; it captures the incremental effect of an 

analyst’s departure when the departure involves a firm-specific-analyst. We predict that the 

increase in synchronicity following a firm-specific-analyst’s departure will be greater than that of 

the non-firm-specific analyst. As before, we include in the estimation the year fixed effect (based 

on the departure event year) and the firm fixed effect. We include all control variables, defined in 

the Appendix II. 
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As demonstrated in Table 7, our results show that there is a significant increase in a firm’s 

12-month stock return synchronicity after the departure of its analyst that produces more firm-

specific topics than those that produce fewer firm-specific topics. This suggests that our earlier 

finding that Chinese analysts are providing firm-specific information to the market is likely to be 

causal. In Column 4, we replace the dependent variable ( 𝑆𝑌𝑁𝐶𝐻𝑗,𝑡)  in equation 12 with 

FirmSpecificEarningsj,t. We find that the coefficients on 𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒𝑖,𝑡 × 𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐴𝑛𝑎𝑙𝑦𝑠𝑡𝑖 and 

𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒𝑖,𝑡  are both insignificantly different from zero. 15  This suggests that the analyst’s 

departure is unlikely to be related to any change in the specific component of earnings innovation 

of the firms.  

4.5.2 Robustness tests 

In this subsection, we discuss the results of a few robustness tests for the main tests. First, 

we use various partitions to separate the topics into firm-specific and general topics: top and 

bottom 50, 77 (quartiles) and 120 topics. We repeat the regressions in Table 3 using these new 

classifications for firm-specific and general information. Our results show that the coefficient on 

WFirmspecifici,j,t is significantly negative at the one percent level using the top 77 and 120 topics 

as partition, but the significance level drops to 10% level when using the top 50 topics as partition. 

None of the coefficient on WGenerali,j,t is significantly different from zero using the three 

partitions for general topics.  

Second, instead using the optimal number of 370 topics determined by the Coherence score, 

we use 200 and 500 topics as diagnostic checks. We repeat the regressions in Table 3 using both 

numbers of topical classifications and continue to find that the coefficient on WFirmspecifici,j,t to 

                                                      
15 We include the entire sample of departing analysts and use above and below median of firm-specific information 

to separate the analysts into firm-specific (non-firm-specific) analysts. The coefficient on Departurej,t X 

FirmSpecAnalystj remains positive though the significance weakens to the 10% level.  
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be negative and significant at the one percent level. However, the coefficients on WGenerali,j,t and 

WIndustryi,j,t are not different from zero when 200 or 500 is used as the number of classification.  

 

5. Conclusion 

This paper finds that in a relationship-based economy such as China, it is the firm-specific 

information in the financial analysts’ reports that give them the comparative advantage in 

forecasting earnings than non-firm-specific information. More importantly, we find that the level 

of political influence on a firm increases the positive association between firm-specific information 

and forecast accuracy. That is, when politics has a stronger influence on a firm, analysts will need 

more firm-specific such as information about the relationship between the politician and firm, to 

make their earnings forecasts. Our topical measures of firm-specific and non-firm-specific 

information are validated by the Ball and Brown (1967) earnings component model and Morck et 

al. (2000) stock return synchronicity model.  

Future research should study whether and how relationship contracting affects analysts’ 

knowledge acquisition and development of expertise or specialization. Analysts in these 

economies are likely not to build their competence on finding industry-specific components that 

drive performance, but rather focusing on gathering private information about firms’ relationships 

and their impact on contracts.  Their knowledge to acquire information and analyze the firms is 

not likely to be transferrable within industry boundary but among firms that share similar network 

ties. We should examine whether and under what conditions relational contracts determine how 

financial analysts or other information intermediaries choose their specialization. 
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Appendix I 

Below are the four cases that demonstrate how information of a firm’s relationship can affect an 

analyst’s ability to make earnings forecasts. The cases are based on interviews with Chinese 

analysts conducted by the authors of Li, Wong and Yu (2018). All four scenarios involve firms 

not being able to reveal proprietary information about their relationships with a supplier (case 1), 

among two large shareholders (case 2) and with the government (cases 3 and 4). However, the 

analysts have accumulated mosaic information about the firms’ relationships over numerous 

interactions and conversations with the firms. The transfer of such information is not considered 

to be significant inside information because it does not have a direct effect on share value. But 

with such knowledge, connected analysts are better able to combine it with other new information 

to formulate more accurate earnings forecasts.  

 

Case 1:  

 

The firm is in tourism business. One of its core competences is its ability to secure from airlines 

outbound charter flights for popular routes that they can generate high volume of sales. Due to 

keen competition, the firm has to rely on its social ties to secure charter flights for popular routes 

from these airlines. For example, the firm has arranged charter flights with a Russian airline to 

serve customers that want to attend the 2018 World Cup. Without close social ties with this firm, 

an analyst is unable to know the firm’s relationship with the airlines and its ability to secure the 

charter flights.  

 

Case 2:  

 

A company purchased another company through a stock swap. The owner of the target firm 

became a senior executive and large (not controlling) shareholder of the merged firm. It was well 

known to the market that the owner of the target firm had business opportunities that could enhance 

the merged firm’s profitability. However, the connected analyst, knew that there was tension in 

the relationship between the owners of the target and the acquiring firms through her relationship 

with the target firm’s owner. The opportunities of the target firm would more likely go to the 

merged firm when the owner of the target firm was given more ownership control of the merged 

firm. Thus, the connected analyst based her earnings forecast on the level of change in ownership 

control of the merged firm by the target firm’s owner.  

 

Case 3:  

 

This central SOE is in the tourism industry. According to government policies, all the renewal of 

operating contracts for airport duty free shops needs to go through a bidding process. All qualified 

companies are invited to submit an open bid for the contracts. However, during the time when the 

Shanghai Airport was holding the auction for its duty free shops in 2018, the central SOE’s 

connected analyst was correct in predicting that it would win the bid and the bidding price would 

be lower than its winning bid in the Beijing Airport auction held in 2017. The analyst’s prediction 

was based on her private knowledge of the government’s strong preference in the Shanghai auction. 

First, through her close relationship with the firm, she received information that the government 

had a strong preference to award the duty free shop contracts of major airports to this central SOE. 
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Second, she also found out that a certain central government agency had expressed this preference 

to other qualified bidding companies which she inferred would reduce the competition and lower 

the winning bid. Her thought was that firms would tend to listen to the government even though it 

was simply expressed as a preference and not an order. With this private knowledge, the connected 

analyst could make a more accurate prediction for the outcome of the Shanghai auction.   

 

Case 4:  

 

A large listed brokerage house was caught violating trading rules and was subject to harsh penalties 

in 2013. Its share price and profitability dropped to the lowest level in its sector. However, a 

connected analyst provided a forecast that was different from other analysts because she 

understood that the brokerage firm’s controlling shareholder had maintained its strong ties with 

the government and there was no threat of significant turnover in its senior management. Her 

strong social ties with the brokerage house enables her to draw conclusion that the trading rule 

violation had not seriously affected the firm’s relationship with the government. One year later, 

the brokerage firm emerged to be the leader in the sector in stock price performance, confirming 

the forecast of the connected analyst.  
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Appendix II: Variable Definition 

Wfirmspecifici,j,t Weight of firm-specific topics in percent for the report of 

analyst i of firm j in year t. 

  

Wnonfirmspecifici,j,t Weight of non-firm-specific topics in percent for the report 

of analyst i of firm j in year t. 

  

Wgenerali,j,t Weight of general topics in percent for the report of analyst i 

of firm j in year t. 

  

Windustryi,j,t Weight of industry-specific topics in percent for the report of 

analyst i of firm j in year t. 

  

Political Wordsr,i,j,t Percentage of political words for the report of analyst i of 

firm j in year t. 

  

BMj,t 
Book-to-market ratio for firm j, measured at the beginning of 

year t. 

  

Sizej,t Log (firm j’s total market value at the beginning of year t). 

  

Volumej,t 
Log (annual trading volume in thousands of RMB) for firm j 

in year t. 

  

Stdretj,t 
Standard deviation of daily returns for firm j for the calendar 

year t. 

  

Horizonr,i,j,t 
The number of year(s) between analyst i’s forecast from the 

report of analyst i of firm j’s fiscal year-end in year t. 

  

Experience_Firmi,j,t 
Number of year(s) between the analyst i’s first forecast for 

firm j and the day of the current forecast in year t.  

  

Experiencer,i,t 

Number of year(s) between the analyst i’s first forecast of any 

firm in the database and the day of the current of report r in 

year t. 

  

Brokersize_Analysti,t 
Total number of analysts hired by analyst i’s brokerage for 

year t. 

  

Brokersize_Firmsi,t 
Total number of firms covered by analyst i’s brokerage for 

year t. 

  

Institutions_sharej,t 
Ownership percentage (in the last quarter) of institutional 

investors (e.g., mutual funds, foreign institutional investors, 
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brokerage firms, insurance companies, pension funds, 

investment trusts, and banks) of firm j in year t. 

  

Specializationi,t 
The number of different industries that the analyst i covers 

during year t. 

  

Stari,t 

Indicator variable takes on the value of 1 if analyst i is 

nominated by the New Fortune magazine as a star analyst in 

the year prior to year t. 

  

% Foreign Analystsj,t The percentage of foreign analysts following firm j in year t 

  

Lossj,t 
Indicator variable takes on the value of 1 if the firm j reports 

a loss in year t. 

  

Foreign_Ownershipj,t 

Indicator variable takes on the value of 1 if the underlying 

firm j shares the same province as analyst i’s brokerage house 

in year t 

  

Foreign_Ownershipj,t 
Percentage of shares outstanding that is owned by foreign 

investors for firm j at the beginning of the calendar year t 

  

Relative Forecast Errori,j,t Following Bae et al. (2008) we measure forecast accuracy 

using the proportional mean absolute forecast error.  

 

More specifically, it is the ratio of the difference between the 

absolute forecast error of analyst i forecasting for firm j’s 

fiscal year t earnings and the average absolute forecast error 

across all analyst forecasts of firm j’s fiscal year t earnings, 

to the mean absolute forecast error. i.e., 

 

Relative Forecast Accuracy= 
𝐴𝐹𝐸𝑖,𝑗,𝑡−𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡

𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡
 

 

A positive value for this variable indicates that the absolute 

forecast error of analyst i for firm j’s fiscal year t is larger 

than the average absolute forecast error of all the forecasts 

for firm j for the same fiscal year. 

  

Synchj,t We estimate firm-specific measures of return synchronicity 

using the methodology outlined in Piotroski and Roulstone 

(2004). Specifically, for each firm-year observation, we 

regress weekly returns on the current and prior week’s 

equally-weighted market return (MARETj,t) and the current 

and prior week’s equally-weighted one-digit industry return 

(INDRETj,t), or:  
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𝑅𝐸𝑇𝑗,𝑡 = 𝛼 + 𝛽1𝑀𝐴𝑅𝐸𝑇𝑗,𝑡 + 𝛽2𝑀𝐴𝑅𝐸𝑇𝑗,𝑡−1
+ 𝛽3𝐼𝑁𝐷𝑅𝐸𝑇𝑗,𝑡 + 𝛽4𝐼𝑁𝐷𝑅𝐸𝑇𝑗,𝑡−1 + 𝜀𝑗,𝑡 

 

Following Piotroski and Roulstone (2004), we estimate this 

regression for each firm-year with a minimum of 45 weekly 

observations and define synchronicity as: 

 

𝑆𝑌𝑁𝐶𝐻𝑗,𝑡 = ln⁡(
𝑅2

1 − 𝑅2
) 

 

Lower value of SYNCHj,t indicates that a firm’s stock returns 

are less closely tied with the market and industry and are 

assumed to reflect more firm specific information. 

  

Fund_Corrj,t The correlation of a firm’s earnings with industry level 

earnings. More specifically, we estimate the following 

regression: 

 

𝑅𝑂𝐴𝑗,𝑡 = 𝛼 + 𝛽1𝐼𝑁𝐷𝑅𝑂𝐴𝑗,𝑡 + 𝛽2𝐼𝑁𝐷𝑅𝑂𝐴𝑗,𝑡−1 + 𝜀𝑗,𝑡 

 

We estimate this regression for each firm-year using a 

minimum of 12 quarterly observations and define the 

fundamental correlation as the R2 from this regression.  

  

Herfj,t Industry concentration measured as the one-digit industry’s 

Herfindahl index for industry of firm j in  year t. 

  

STD_ROAj,t Standard deviation of the quarterly return on assets for firm 

j, measured over three years preceding year t. 

  

NINDj,t The number of firms in the industry (based on 1-digit 

industry code) of firm j.  

  

FirmSpecEarningsj,t Similar to Ball and Brown (1967), we estimate the firm-

specific component of earnings innovation using a three-step 

process: 

 

1. For each firm-year observation, we estimate the 

following regression using 40 quarterly observations 

∆ROA𝑗,𝑡−𝛿 = 𝛼𝑖,𝑡 + β𝑗,𝑡∆ROA𝑚𝑘,𝑡−𝛿 +

γ𝑗,𝑡∆ROA𝑖𝑛𝑑,𝑡−𝛿 + ɛ      
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2. Then we estimate the expected change in firm j’s 

change in ROA in period t based on the market and 

industry change in ROA. 

𝐸(∆ROA𝑗,𝑡) = 𝛼𝑗,𝑡̂ + β𝑗,𝑡̂∆ROA𝑚𝑘,𝑡 +

γ𝑗,𝑡̂∆ROA𝑖𝑛𝑑,𝑡 + ɛ  

3. The firm specific earnings innovation is the absolute 

different between the actual ∆ROA𝑗,𝑡  and  

𝐸(∆ROA𝑗,𝑡), or: 

𝐹𝑖𝑟𝑚𝑆𝑝𝑒𝑐𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑗,𝑡 = 𝑎𝑏𝑠|∆ROA𝑗,𝑡 − 𝐸(∆ROA𝑗,𝑡)| ; 

i.e. the higher this number, the more firm-specific is the 

earnings innovation. 

 

  

Departurei,j,t Indicator variable which takes on the value of 1 if anyone of 

firm j’s analysts has departed in the previous year. 

  

FirmSpecAnalysti Indicator variable takes on the value of 1 if the average 

Wfirmspecifici,j,t across all of analyst i’s reports is ranked in 

the top quartile among all departing analysts.   

  

# Analystj,t The number of analysts that issued a report for firm j in year 

t. 

  

HighPolitical1j,t An indicator variable which takes the value of 1 if the average 

Cosin_ Similarityall, i,j,t across all of firm j’s analyst reports is 

higher than median and zero otherwise.  

 

Where Cosin_Similarityall, i,j,t is the Tf-idf Cosine similarities 

between analyst i's report issued for firm j in year t and the 

political section of People’s Daily newspaper between year 

t-1 and year t+1. 

  

HighPolitical2j,t An indicator variable which takes the value of 1 if the average 

LDA_ Similarityall, i,j,t across all of firm j’s analyst reports is 

higher than median and zero otherwise.  

 

Where LDA_Similarityall, i,j,t is the LDA topic distance 

between analyst i's report issued for firm j in year t and the 

political section of the People’s Daily newspaper between 

year t-1 and year t+1. 

  

HighPolitical3j,t An indicator variable which takes the value of 1 if 
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Political_Wordsi,j,t across all of firm j’s analyst reports is 

higher than median and zero otherwise. 

 

Where Political_Wordsi,j,t is the percentage of political words 

within report r of analyst i of firm j in year t. 

  

Turnoverj,t An indicator variable which takes the value of 1 if firm j’s 

headquarter province experienced a key politician turnover 

during year t-1 or year t. 

  

Policyj,t An indicator variable which takes the value of 1 if the 

industry in which firm j belongs to (same two digits SIC) is 

being promoted by firm j’s headquarter province in year t.  

  

GovInterventionj,t Index for the level of state government intervention in the 

province in the year. Higher value indicates less government 

intervention within that particular province. It is a sub-index 

of marketization index compiled by Fan, Wang and Yu 

(2016). Specifically, this index includes three components 

relating to the relationship between government and market, 

role of market in resource allocation, reduction of 

government intervention, and reduction of government size.  

 

Our data spans from 2010 to 2014, for year 2015, we fill in 

the value for 2015 using data from the previous year. 

  

PptRightj,t Index for the level of property right protection within the 

province that year. It is a sub-index of marketization index 

compiled by Fan, Wang and Yu (2016).  

 

Our data spans from 2010 to 2014, for year 2015, we fill in 

the value for 2015 using data from the previous year. 

  

HighGovIntj,t An indicator variable which takes on the value of one if the 

GovInterventionj,t is higher than the median and zero 

otherwise. 

  

LowPptRightj,t An indicator variable which takes on the value of one if the 

PptRightj,t is lower than the median and zero otherwise. 
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Table 1: Firm-specific and Non-firm-specific Topics 

 

Panel A - Number of general, industry and firm-specific topics: 

 Number of topics 

Total 370 

Industry-specific 60 

Remaining 310 

Firm-specific 103 

General 103 

 

Panel B - The number of unique firm that each topic is relevant to: 

 Mean Median Q1 Q3 Std. 

Firm Specific  48.48 40.00 20.00 71.00 16.00 

General 314.31 218.00 184.00 372.50 229.26 

Industry Specific  123.20 121.00 108.00 141.00 25.20 

Panel C - Average weight of each category of topics in each report: 

 Mean Median Q1 Q3 Std. 

WFirmspecifici,j,t 44.93% 37.07% 17.93% 69.34% 32.64% 

WGenerali,j,t 31.68% 23.78% 10.38% 50.14% 25.36% 

WIndustryi,j,t 10.83% 4.25% 1.64% 10.85% 16.86% 

 

Panel D - Average number of topics in each report: 

 Mean Median Std. Q1 Q3 

Firm Specific  3.22 3.00 2.00 4.00 1.95 

General 3.76 4.00 2.00 5.00 2.17 

Industry Specific  0.81 1.00 0.00 1.00 0.91 

 

 
For each topic, we first identify whether that topic is relevant to a firm i. We assume that the topic is relevant to firm i, if it takes up 

more than 1% of any analyst reports issued for firm i. From the pool of 370 topics, for any topics that are relevant to 50% or more firms 

in any particular industry we classify them as an industry specific topic. After removing the industry specific topics, we are left with 
310 topics, we rank these topics based on the number of firms that they are relevant to. We classify the bottom 1/3 as firm specific topics 

and the topic 1/3 as general topics.   
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Table 2: Summary Statistics 

 Mean Median Q1 Q3 Std. 

BMj,t 0.48 0.38 0.23 0.71 0.35 

Sizej,t 16.15 16.01 15.27 16.95 1.14 

Volumej,t 16.95 16.89 16.12 17.75 1.16 

Stdretj,t 3.06 2.69 2.25 3.33 1.36 

Horizonr,i,j,t 0.53 0.49 0.29 0.72 0.34 

Experience_Firmi,j,t 1.13 0.50 0.00 1.85 1.43 

Experiencer,i,t 2.91 2.81 1.39 4.44 1.75 

Brokersize_Analysti,t 0.10 0.10 0.06 0.13 0.05 

Brokersize_Firmsi,t 0.90 0.96 0.71 1.16 0.36 

Institutions_sharej,t 5.14 2.34 0.21 7.24 6.90 

Specializationi,t 3.18 3.00 2.00 4.00 2.12 

Stari,t 0.09 0.00 0.00 0.00 0.28 

% Foreign Analystsj,t 0.01 0.00 0.00 0.00 0.03 

Lossj,t 0.03 0.00 0.00 0.00 0.16 

Distancei,j,t 0.07 0.00 0.00 0.00 0.25 

Foreign_Ownershipj,t 0.29 0.00 0.00 0.00 1.04 

Synchj,t -0.14 0.00 -0.50 0.20 0.66 

Fund_Corrj,t 0.22 0.08 0.00 0.43 0.27 

Herfj,t 0.20 0.05 0.04 0.07 0.47 

STD_ROAj,t 0.04 0.02 0.01 0.04 1.05 

NINDj,t 1059.12 1466.00 200.00 1746.00 766.61 

FirmSpecNewsj,t 0.04 0.03 0.01 0.06 0.04 

Political Wordsi,j,t 0.31 0 0 0.20 2.39 

Cosin_ Similarityi,j,t 0.66 0.60 0.43 0.82 0.34 

LDA_Similarity, i,j,t -1.76 -1.78 -1.83 -1.71 0.09 
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Table 3: Firm-specific Information and Analyst Forecast Error (firm fixed effects) 

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

 Relative Forecast Errori,j,t 

WFirmspecifici,j,t -0.076***   -0.072*** -0.072*** 

 (-5.81)   (-5.18) (-5.21) 

WNonFirmspecifici,j,t  0.029**  0.021**  

  (2.34)  (2.21)  

WGenerali,j,t   0.026*  0.028* 

   (1.83)  (1.82) 

WIndustryi,j,t   0.038*  0.036 

   (1.70)  (1.42) 

BMj,t 0.049*** 0.049*** 0.049*** 0.050*** 0.050*** 

 (7.43) (7.47) (7.47) (7.50) (7.51) 

Sizej,t -0.026*** -0.025*** -0.025*** -0.026*** -0.026*** 

 (-12.05) (-11.93) (-11.93) (-12.04) (-12.04) 

Volumej,t -0.008*** -0.008*** -0.008*** -0.007*** -0.007*** 

 (-3.30) (-3.33) (-3.33) (-3.18) (-3.19) 

Stdretj,t 0.003*** 0.003** 0.003** 0.003*** 0.003*** 

 (2.75) (2.50) (2.49) (2.82) (2.82) 

Horizonr,i,j,t 0.122*** 0.122*** 0.122*** 0.122*** 0.122*** 

 (26.18) (26.15) (26.15) (26.15) (26.15) 

Experience_Firmi,j,t -0.008*** -0.008*** -0.008*** -0.009*** -0.008*** 

 (-4.55) (-4.57) (-4.57) (-4.59) (-4.58) 

Experiencer,i,t -0.009*** -0.009*** -0.009*** -0.009*** -0.009*** 

 (-6.76) (-6.66) (-6.66) (-6.72) (-6.71) 

Brokersize_Analysti,t -0.014 -0.010 -0.010 -0.012 -0.012 

 (-0.28) (-0.21) (-0.20) (-0.25) (-0.24) 

Brokersize_Firmsi,t -0.026*** -0.027*** -0.027*** -0.025*** -0.025*** 

 (-3.57) (-3.73) (-3.73) (-3.48) (-3.49) 

Institutions_sharej,t 0.002*** 0.002*** 0.002*** 0.002*** 0.002*** 

 (5.72) (5.82) (5.82) (5.72) (5.71) 

Specializationi,t -0.003*** -0.003*** -0.003*** -0.003*** -0.003*** 

 (-3.64) (-3.68) (-3.67) (-3.58) (-3.58) 

Stari,t -0.001 -0.000 -0.000 -0.001 -0.001 

 (-0.09) (-0.03) (-0.04) (-0.08) (-0.09) 

% Foreign Analystsj,t 0.064 0.055 0.055 0.060 0.060 

 (1.23) (1.06) (1.06) (1.14) (1.15) 

Lossj,t -0.025*** -0.025*** -0.025*** -0.025*** -0.025*** 

 (-3.85) (-3.90) (-3.91) (-3.87) (-3.87) 

Distancei,j,t 0.009 0.006 0.005 0.010 0.010 

 (1.05) (0.66) (0.66) (1.20) (1.20) 

Foreign_Ownershipj,t 0.003* 0.003* 0.003* 0.003* 0.003* 

 (1.72) (1.73) (1.74) (1.77) (1.78) 

Fixed Effects Firm Firm Firm Firm Firm 
Std. Cluster Firm Firm Firm Firm Firm 
Observations 87332 87332 87332 87332 87332 
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Adjusted R2 0.075 0.074 0.074 0.075 0.075 
t statistics in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
 

The above table include 87,332 observations, each observation represents the latest report by analyst i issued for firm j for year t. Relative 

forecast errori,j,t is the proportional mean absolute forecast error relating to that particular report. More specifically, it is the ratio of the 
difference between the absolute forecast error of analyst i forecasting for firm j’s fiscal year t earnings and the average absolute forecast 

error across all analyst forecasts of firm j’s fiscal year t earnings, to the mean absolute forecast error. i.e. 
𝐴𝐹𝐸𝑖,𝑗,𝑡−𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡

𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡
. 

WFirmspecifici,j,t  represents the sum of all firm specific topic weight, WGenerali,j,t represents the sum of all general topic weight. 
WIndustryi,j,t represents the sum of all industry-specific topic weight. WNonFirmspecifici,j,t is the sum of WGenerali,j,t and WIndustryi,j,t. 
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Table 4: Validation for our proxy of firm-specific information 

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

 Synchj,t FirmSpecificEarningsj,t 

Avg_Firmspecificj,t -0.145**   0.010**   

 (-3.10)   (3.41)   

Avg_Generalj,t  0.151*   -0.004  

  (2.12)   (-1.40)  

Avg_Industryj,t   0.294*   -0.001 

   (2.26)   (-0.23) 

Fund_Corrj,t 0.018 0.017 0.019 -0.013*** -0.013*** -0.013*** 

 (0.34) (0.33) (0.38) (-4.22) (-4.12) (-4.13) 

In(Herfj,t) 0.014 0.014 0.014 0.005** 0.005** 0.005** 

 (0.87) (0.83) (0.82) (2.89) (2.85) (2.86) 

STD_ROAj,t -0.080** -0.081** -0.082** 0.002 0.002 0.002 

 (-3.02) (-3.10) (-3.04) (1.72) (1.71) (1.86) 

In(NINDj,t) 0.019 0.022 0.018 0.005 0.005 0.005 

 (0.24) (0.27) (0.23) (1.44) (1.39) (1.42) 

Sizej,t -0.380*** -0.384*** -0.386*** 0.017*** 0.018*** 0.018*** 

 (-6.82) (-6.94) (-6.99) (6.11) (6.13) (6.15) 

Fixed Effects Firm, 

Year 

Firm, 

Year 

Firm, 

Year 

Firm, 

Year 

Firm, 

Year 

Firm, 

Year 

Std. Cluster Firm, 

Year 

Firm, 

Year 

Firm, 

Year 

Firm, 

Year 

Firm, 

Year 

Firm, 

Year 

Observations 10384 10384 10384 10384 10384 10384 

Adjusted R2 0.336 0.336 0.336 0.573 0.572 0.572 
t statistics in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
 
The above table include 10,384 firm-year observations. Synchj,t is a firm-specific measures of return synchronicity using the 

methodology outlined in Piotroski and Roulstone (2004). FirmSpecificEarningsj,t is the firm-specific component of earnings innovation 

estimated using the procedure outlined in Ball and Brown (1967). Avg_Firmspecificj,t  is the average firm specific topic weights across 
all reports issued for firm j in year t. Avg_Generalj,t  is the average general topic weights across all reports issued for firm j in year t. 

Avg_Industryj,t  is the average industry specific topic weights across all reports issued for firm j in year t.   
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Table 5: Political influence at the firm-level and firm-specific information 

 (1) (2) (3) 

 Relative Forecast Errori,j,t 

WFirmspecifici,j,t×HighPolitical1j,t -0.039***   

 (-2.95)   

HighPolitical1i,j,t -0.003   

 (-0.94)   

WFirmspecifici,j,t× HighPolitical2j,t  -0.031**  

  (-2.56)  

HighPolitical2i,j,t  -0.004  

  (-1.17)  

WFirmspecifici,j,t× HighPolitical3j,t   -0.112*** 

   (-5.93) 

HighPolitical3i,j,t   -0.003 

   (-1.16) 

WFirmspecifici,j,t -0.071*** -0.079*** 0.028* 

 (-4.63) (-5.92) (1.95) 

BMj,t 0.048*** 0.048*** 0.045*** 

 (7.29) (7.30) (6.82) 

Sizej,t -0.026*** -0.026*** -0.029*** 

 (-12.08) (-12.01) (-13.43) 

Volumej,t -0.008*** -0.008*** -0.006*** 

 (-3.37) (-3.67) (-2.69) 

Stdretj,t 0.003*** 0.003** 0.003** 

 (2.61) (2.20) (2.04) 

Horizonr,i,j,t 0.122*** 0.123*** 0.122*** 

 (26.19) (26.21) (26.15) 

Experience_Firmi,j,t -0.008*** -0.008*** -0.008*** 

 (-4.40) (-4.37) (-4.12) 

Experiencer,i,t -0.009*** -0.010*** -0.009*** 

 (-6.59) (-6.96) (-6.50) 

Brokersize_Analysti,t -0.009 -0.017 -0.001 

 (-0.19) (-0.36) (-0.02) 

Brokersize_Firmsi,t -0.027*** -0.026*** -0.028*** 

 (-3.72) (-3.66) (-3.95) 

Institutions_sharej,t 0.002*** 0.002*** 0.002*** 

 (5.68) (5.65) (5.37) 

Specializationi,t -0.003*** -0.003*** -0.003*** 

 (-3.70) (-3.65) (-3.79) 

Stari,t -0.001 -0.001 -0.001 

 (-0.09) (-0.13) (-0.12) 

% Foreign Analystsj,t 0.065 0.067 0.079 

 (1.24) (1.28) (1.49) 

Lossj,t -0.026*** -0.026*** -0.023*** 

 (-3.87) (-4.00) (-3.33) 

Distancei,j,t 0.009 0.008 0.006 
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 (1.03) (1.00) (0.68) 

Foreign_Ownershipj,t 0.003* 0.003* 0.003 

 (1.67) (1.73) (1.60) 

Fixed Effects Firm Firm Firm 
Std. Cluster Firm Firm Firm 
Observations 87332 87332 87332 

Adjusted R2 0.075 0.076 0.082 
t statistics in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 

 
The above table include 87,332 observations, each observation represents the latest report by analyst i issued for firm j for year t. Relative 
forecast errori,j,t is the proportional mean absolute forecast error relating to that particular report. More specifically, it is the ratio of the 

difference between the absolute forecast error of analyst i forecasting for firm j’s fiscal year t earnings and the average absolute forecast 

error across all analyst forecasts of firm j’s fiscal year t earnings, to the mean absolute forecast error. i.e. 
𝐴𝐹𝐸𝑖,𝑗,𝑡−𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡

𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡
. 

WFirmspecifici,j,t  represents the sum of all firm specific topic weight. HighPolitical1j,t is an indicator variable which takes the value of 

1 when the average Cosin_ Similarityi,j,t   across all of firm j’s analyst reports is higher than the median. HighPolitical2j,t is an indicator 

variables which takes on the value of 1 when the average 𝐿𝐷𝐴𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 across all of firm j’s analyst reports is higher than median. 

HighPolitical3j,t is an indicator variable which takes on the value of 1 when the average Political Wordsi,j,t  across all of firm j’s analyst 

reports is higher than the median.  
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Table 6: Political influence at the state-level and firm-specific information 

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

 Relative Forecast Accuracyi,j,t 

WFirmspecifici,j,t×Turnoverj,t -0.038***    

 (-4.00)    

Turnoverj,t 0.009**    

 (2.00)    

WFirmspecifici,j,t×Policyj,t  -0.101***   

  (-3.92)   

Policyj,t  0.049***   

  (2.83)   

WFirmspecifici,j,t×HighGovIntj,t   -0.057***  

   (-2.99)  

HighGovIntj,t   -0.021  

   (-1.61)  

WFirmspecifici,j,t×LowPptRightj,t    -0.055*** 

    (-2.75) 

LowPptRightj,t    -0.010 

    (-1.57) 

WFirmspecifici,j,t -0.072*** -0.024 -0.064*** -0.061*** 

 (-5.45) (-1.12) (-4.21) (-3.59) 

BMj,t 0.046*** 0.049*** 0.050*** 0.051*** 

 (6.90) (7.44) (7.38) (7.31) 

Sizej,t -0.026*** -0.026*** -0.026*** -0.027*** 

 (-11.91) (-11.92) (-11.97) (-11.63) 

Volumej,t -0.009*** -0.007*** -0.009*** -0.010*** 

 (-3.74) (-3.21) (-3.86) (-4.00) 

Stdretj,t 0.004*** 0.003*** 0.003** 0.003** 

 (3.33) (2.76) (2.23) (2.57) 

Horizonr,i,j,t 0.122*** 0.122*** 0.123*** 0.121*** 

 (26.18) (26.17) (26.27) (26.02) 

Experience_Firmi,j,t -0.008*** -0.008*** -0.008*** -0.009*** 

 (-4.54) (-4.49) (-4.47) (-4.59) 

Experiencer,i,t -0.010*** -0.010*** -0.008*** -0.013*** 

 (-6.80) (-6.83) (-5.62) (-8.60) 

Brokersize_Analysti,t -0.019 -0.013 -0.028 -0.019 

 (-0.40) (-0.26) (-0.57) (-0.38) 

Brokersize_Firmsi,t -0.025*** -0.026*** -0.023*** -0.023*** 

 (-3.43) (-3.68) (-3.26) (-3.22) 

Institutions_sharej,t 0.002*** 0.002*** 0.002*** 0.002*** 

 (5.75) (5.73) (5.63) (5.88) 

Specializationi,t -0.003*** -0.003*** -0.003*** -0.003*** 

 (-3.53) (-3.63) (-3.59) (-3.66) 

Stari,t -0.001 -0.001 -0.001 -0.001 

 (-0.13) (-0.10) (-0.13) (-0.12) 

% Foreign Analystsj,t 0.073 0.066 0.091* 0.047 
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 (1.38) (1.26) (1.66) (0.81) 

Lossj,t -0.025*** -0.025*** -0.026*** -0.029*** 

 (-3.71) (-3.77) (-3.86) (-4.07) 

Foreign_Ownershipj,t 0.003* 0.003* 0.003 0.003 

 (1.69) (1.74) (1.52) (1.56) 

Fixed Effects Firm Firm Firm Firm 

Std. Cluster Firm Firm Firm Firm 

Observations 87332 87332 87332 87332 

Adjusted R2 0.075 0.075 0.075 0.076 
t statistics in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
 
The above table include 87,332 observations, each observation represents the latest report by analyst i issued for firm j for year t. Relative 

forecast errori,j,t is the proportional mean absolute forecast error relating to that particular report. More specifically, it is the ratio of the 

difference between the absolute forecast error of analyst i forecasting for firm j’s fiscal year t earnings and the average absolute forecast 

error across all analyst forecasts of firm j’s fiscal year t earnings, to the mean absolute forecast error. i.e. 
𝐴𝐹𝐸𝑖,𝑗,𝑡−𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡

𝐴𝑣𝑔𝐴𝐹𝐸𝑗,𝑡
. Turnoverj,t  is 

an indicator variable which takes on the value of 1 if firm j’s headquarter province experienced a key politician turnover in year t or t-
1. Policyj,t is an indicator variable which takes on the value of 1 if the industry in which firm j belongs to is being promoted by firm j’s 

headquarter province in year t. GovInterventionj,t is an index for the level of province level government intervention within the province 

in which company j is headquartered in, higher value indicate more intervention. Pptrightj,t is an index for the level private property 
right within the provicince in which company j is headquartered in, higher value indicate better property right protection. HighGovIntj,t 

is an indicator variable which takes the value of 1 if the GovInterventionj,t is higher than the median. LowPptRightj,t is an indicator 

variable which takes the value of 1 if the Pptrightj,t is higher than the median.   
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Table 7: Additional Tests - Are analyst providing firm-specific information to the 

market? 

 

Panel A – Analyst turnover frequency   

 n % 

Unique # analysts in our sample 3175 100% 

Analyst that turnover during our sample period 1068 34% 

Analyst that turnover in 2011 298  

Analyst that turnover in 2012 322  

Analyst that turnover in 2013 448  

 
Panel B – Firm specific analyst vs. non-firm specific analyst characteristics 

 Mean Median 

 Firmspecifici,j,t # Firms Firmspecifici,j,t # Firms 

Firm Specific Analysts 0.78 20.78 0.76 10.00 

Non-Firm Specific Analysts 0.23 27.05 0.25 14.00 
t-stat or z-score 36.62*** 2.07** 30.59*** 1.51* 

 
 (1) (2) 

 Synchj,t FirmSpecificEarningsj,t 

Departurei,t×FirmSpecAnalysti 0.334** 0.001 

 (2.47) (0.46) 

FirmSpecAnalysti -0.031* -0.000 

 (-2.34) (-0.10) 

Departurei,t 0.009 -0.000 

 (0.14) (-0.30) 

Fund_Corrj,t 0.196** -0.001 

 (2.57) (-0.17) 

In(Herfj,t) -0.008 0.005 

 (-0.07) (1.78) 

STD_ROAj,t -0.132 0.374*** 

 (-0.68) (11.92) 

In(NINDj,t) -0.176 0.005 

 (-0.65) (0.76) 

Sizej,t -0.303*** 0.021*** 

 (-4.91) (8.79) 

Fixed Effects Firm, Year 

Std. Cluster Firm, Year 

Observations 13685 13685 

Adjusted R2 0.508 0.595 
t statistics in parentheses 
* p < 0.1, ** p < 0.05, *** p < 0.01 
 

The table above includes 13,685 firm-year observations. The unit of analysis is firms with a departing analyst (i)- pre-/post-(t). Only 
departure of firm-specific and non-firm-specific analysts are included. Synchj,t is a firm-specific measures of return synchronicity using 

the methodology outlined in Piotroski and Roulstone (2004). FirmSpecificEarningsj,t is the firm-specific component of earnings 

innovation estimated using the procedure outlined in Ball and Brown (1967). Departurei,t is an indicator variable which takes a value of 
1 for observations after the departure event. FirmSpecAnalysti is an indicator variable which takes the value of 1 if the departing analyst’s 

WFirmspecifici,j,t  is ranked in the top quartile. 

 


