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Does common analyst coverage improve suppliers’ 
investment efficiency?
Ceng Zenga and Song Tangb

aSchool of Accountancy, Shanghai University of Finance and Economics, Shanghai, China; bInstitute of 
Accounting and Finance, Shanghai University of Finance and Economics, Shanghai, China

ABSTRACT
This study examines the effect of common analysts covering both 
suppliers and their major customers on suppliers’ investment effi
ciency. Using a sample of A-share listed firms in China from 2007 to 
2018, we find that suppliers with common analyst coverage exhibit 
higher investment efficiency. This effect is stronger when suppliers 
have greater demand for obtaining customer information from 
common analysts, for example, when suppliers have shorter rela
tionships with and are smaller than their customers, and when their 
customers have more fluctuating earnings and poorer accounting 
information quality. It is also stronger when common analysts 
possess a distinct information advantage about customers, for 
example, when they have relatively higher customer industry spe
cialisation, more information about customers’ competitors, more 
experience, and are star analysts. Taken together, our results sug
gest that suppliers can obtain prospective information about their 
customers from common analysts, which facilitates suppliers’ effi
cient investment.

KEYWORDS 
Common analyst; investment 
efficiency; information 
asymmetry; supplier; 
customer

1. Introduction

The 19th National Congress of the Communist Party of China emphasised the continua
tion of supply-side structural reform and incremental high-quality supply. A high-quality 
supply system requires efficient investment. Therefore, it is important to study how to 
improve suppliers’ investment efficiency at the micro market level, which is beneficial for 
removing excess capacity, optimising the supply chain structure, and comprehensively 
improving the supply chain value.

When making investment decisions, suppliers select investment projects with 
a positive net present value based on expected returns and perceived risks. A supplier’s 
investment projects will have higher expected returns and lower perceived risks if the 
customer’s business prospects are promising. Therefore, suppliers must collect extensive 
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information about customers’ business prospects to make efficient investment decisions. 
Analysts usually cover listed firms. As important information intermediaries in the capital 
market, analysts can obtain macro-, industry-, and firm-level information and analyse it 
with their superior ability (Boni & Womack, 2006; Hutton et al., 2012; Kadan et al., 2012). In 
addition, more than a third of the supplier-customer pairs are followed by common 
analysts over the period 2007 to 2018. In other words, suppliers, customers, and common 
analysts link to a network. According to the social network theory, information sharing 
within a network affects individual decisions (Granovetter, 2005). Will suppliers use the 
network formed by common analysts to gain more information about their customers’ 
business prospects and improve investment efficiency? Our study attempts to answer this 
question.

We argue that it is not only common analysts’ access to customer information but also 
their superior ability to analyse it, which affords them information advantages about 
customers’ business prospects. First, common analysts have more private communication 
with customers, which helps them obtain customer information. Second, common ana
lysts benefit more from incorporating industry- and firm-level complementary informa
tion along the supply chain into customer prospect forecasts. At the industry level, 
common analysts covering both supplier and customer industries acquire intra-industry, 
cross-industry, and supply chain trends knowledge, to more accurately forecast the 
customer industry trend since they are often in different industries.1 At the firm level, 
the articulation between suppliers’ sales and customers’ costs helps common analysts 
disaggregate the core drivers of customer earnings and recognise the causes of abnormal 
earnings to forecast the sustainability of customers’ profitability. Consequently, suppliers 
can resort to common analysts for customers’ business prospect information and incor
porate it into their investment decisions, leading to better investment efficiency. 
Therefore, we expect that suppliers will have higher investment efficiency when they 
and their major customers are covered by common analysts.

Using a sample of A-share listed firms in China from 2007 to 2018, we find that 
suppliers with common analyst coverage exhibit higher investment efficiency. This effect 
is stronger when suppliers have greater demand for obtaining customer information from 
common analysts, for example, when suppliers have shorter relationships with and are 
smaller than their customers, and when their customers have more fluctuating earnings 
and poorer accounting information quality. It is also stronger when common analysts 
possess a distinct information advantage about customers, for example, when they have 
relatively higher customer industry specialisation, more information about customers’ 
competitors, more experience, and are star analysts. Our results are robust to a series of 
robustness checks and endogeneity tests. Taken together, our results suggest that 
suppliers can obtain prospective information about their customers from common ana
lysts, which facilitates suppliers’ efficient investment.

This study makes several important contributions to the literature. First, we add to the 
growing literature on how common analysts affect corporate economic decisions. Only 
a few studies have identified that common analysts can promote covered firms’ patent 
citations and innovation (Martens & Sextroh, 2021) and improve M&A performance (Ma,  

1About 51% (95%) of the listed supplier-customer pairs are from different industries according to one (three) CSRC 
industry code in our sample.
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2019). Our study shows that common analysts improve suppliers’ investment efficiency 
from a supply chain perspective.

Second, our study complements the literature on how supply chain networks affect 
corporate economic decisions. Existing studies have explored the influence of common 
auditors (Dhaliwal et al., 2017) and common directors (Minnick & Raman, 2017) between 
suppliers and customers on suppliers’ investment levels. It is more prevalent for suppliers 
and customers to be covered by common analysts than by common auditors and 
common directors.2 In addition, it is difficult to reflect the supply chain network’s influ
ence on corporate decision efficiency by only studying investment level influence. Our 
study provides evidence that common analysts, an important new form of supply chain 
network, can improve suppliers’ investment efficiency.

Third, existing studies have found that analysts’ evaluation reports on firms’ investment 
activities affect firms’ investment decisions, while the conclusions are inconsistent. Choi 
et al. (2020) and Bae et al. (2022) find that investment evaluation information released by 
analysts can improve firms’ investment efficiency. While Becher et al. (2015) show that 
analysts’ evaluation of firms’ investment activity would cause investors to overreact, 
leading to a decrease in information usefulness and ultimately reducing firms’ investment 
efficiency. Based on the setting of common analysts, our study shows that suppliers can 
improve investment efficiency by resorting to common analysts for customers’ business 
prospect information, which provides new evidence to coordinate the literature’s 
conclusions.

2. Literature review

2.1. Investment decisions in the supply chain

Suppliers must collect extensive information about their customers’ business prospects 
when making investment decisions. Prior studies have found that suppliers can resort to 
various information sources. First, suppliers can obtain investment-related information 
from customers’ public information. Chiu et al. (2019) find that suppliers can predict 
customers’ prospects by analysing customers’ risk factor disclosures contained in annual 
reports. Therefore, more informative disclosures of customer risk factors are associated 
with more efficient supplier investment. Chen et al. (2019) find that a higher linguistic 
information quality of customer management earnings forecast reports improves supplier 
investment efficiency. Chen et al. (2021) find that customers’ high accounting information 
quality can help suppliers better predict customers’ future demand and improve their 
investment efficiency. Therefore, customers’ higher earnings quality improves suppliers’ 
investment efficiency. Second, suppliers can access private investment-related informa
tion through common networks with their customers. Previous studies have found that 
when suppliers and their customers have common auditors (Dhaliwal et al., 2017) and 
common directors (Minnick & Raman, 2017), suppliers can obtain more information about 
customers’ business prospects and expand investment levels.

2The proportion of suppliers and customers with common analysts is about 37.81%, while the proportion of common 
auditors is about 1.79%, and the proportion of common directors is about 4.66% in our sample.
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2.2. Common analysts and corporate decisions

Multiple firms being covered by the same analyst form a common-analyst-coverage 
network. Social network theory posits that individuals are embedded in the network 
and that information flows within the network affect individual decisions (Granovetter,  
2005). On the one hand, common analysts can obtain complementary information or 
cross-verify information within the network to make more accurate earnings forecasts. For 
example, Guan et al. (2015) find that analysts who follow a covered firm’s customers 
provide more accurate earnings forecasts for the supplier than those who do not. On the 
other hand, common analysts can act as information intermediaries to promote informa
tion flow within the network and improve corporate financial decisions. Ma (2019) finds 
that when an acquirer and its target share common analysts, the acquirer can obtain 
target information through common analysts to improve M&A performance. Martens and 
Sextroh (2021) find that firms can learn about another firm’s technology and industry 
trends through common analysts. Therefore, firms are more likely to cite another firm’s 
patent if they are covered by the same analyst, and exhibit higher innovation levels.

Our study attempts to link these two fields of literature to explore whether common 
analysts can help suppliers improve investment efficiency.

3. Hypothesis development

When making investment decisions, suppliers need to expect returns and perceive risks of 
investment projects to undertake those with a positive net present value. A supplier’s 
investment projects will have higher expected returns and lower perceived risks if its 
customer’s business prospects are promising (Dou et al., 2013; Raman & Shahrur, 2008). 
Customers’ procurement demands for suppliers increase steadily when their business 
prospects are promising. By investing in capacity expansion, suppliers can not only meet 
customer procurement demands and increase earnings but also lower the risk of idle 
capacity. Therefore, suppliers have an incentive to collect extensive information about 
customers’ business prospects to make efficient investment decisions.

Analysts usually cover firms if they are listed. As important information intermediaries 
in the capital market, analysts can obtain macro-, industry-, and firm-level information and 
analyse it with their superior ability (Boni & Womack, 2006; Hutton et al., 2012; Kadan 
et al., 2012). We argue that common analysts can obtain more customer information to 
analyse customers’ business prospects when they cover both suppliers and their major 
customers. Therefore, common analysts may become an important information source for 
suppliers to obtain customer business prospect information because they have a superior 
information advantage.

First, common analysts have more opportunities to communicate privately with cus
tomer management to obtain customer information. According to a survey by Soltes 
(2014), analysts have more than 70 private communications with the covered firms’ 
management annually. Common analysts can verify customers’ public information and 
obtain private and timely information through private communication with customer 
management (Park & Soltes, 2018).3

3Park and Soltes (2018) investigated questions that analysts might raise to the management in private communication. 
For example, analysts asked ‘The disclosed gross margin for this product is 20%. What is the gross margin broken down to 
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Second, common analysts can more accurately forecast customers’ business pro
spects and their impacts on suppliers. Economic links along the supply chain can 
promote information complementarity between supplier and customer firms. Such 
information complementarity increases common analysts’ information acquisition 
and production efficiency (Luo & Nagarajan, 2015). Common analysts can exploit 
industry- and firm-level information complementarities along the supply chain to 
produce more accurate forecasts of customer business prospects. At the industry 
level, about 51% (95%) of the listed supplier-customer pairs are from different 
industries according to one (three) CSRC industry codes in our sample period from 
2007 to 2018. It is difficult for a supplier to predict its customer industry develop
ment when they belong to different industries. Common analysts covering both 
supplier and customer industries can acquire intra-industry and cross-industry knowl
edge to forecast customer industry trends more accurately (Kadan et al., 2012). At 
the firm level, supplier sales and customer procurements are interconnected. The 
growth of customer performance leads to an increase in procurement and then 
elevates suppliers’ sales, and the decline in customer performance leads to 
a decrease in procurement and further reduces suppliers’ sales (Hertzel et al.,  
2008). The articulation between suppliers’ sales and customers’ procurements helps 
common analysts disaggregate the core drivers of customer earnings and recognise 
the causes of abnormal earnings to forecast the sustainability of customers’ profit
ability. In addition, common analysts know more about the respective operations and 
the relationship between suppliers and customers, so they can more efficiently take 
into account the customer’s business prospects when assessing suppliers’ invest
ment. For example, Guan et al. (2015) find that common analysts can forecast the 
impact of customer profit information on suppliers’ business performance more 
accurately.

In summary, suppliers need to collect extensive information about customers’ 
business prospects, and common analysts possess a distinct information advantage 
about customers’ business prospects.4 Additionally, the network of suppliers and 
customers connected by common analysts facilitates information flow (Granovetter, 
2005).5 Thus, we conjecture that suppliers can resort to common analysts for 
customer business prospect information and incorporate it into their investment 
decisions, leading to better investment efficiency. The hypothesis is stated as 
follows:

H1: The supplier exhibits higher investment efficiency when the supplier and its major 
customer are covered by common analysts.

each component?’ to verify public information, and asked ‘Are second-quarter earning guidance still valid?’ to obtain 
future performance information.

4We verify common analysts’ information advantage about customers’ business prospects by providing empirical 
evidence that common analysts provide more accurate earnings forecasts for the customers than those who do not. 
It means common analysts possess a distinct information advantage about customers’ business prospects to some 
degree.

5Similarly, existing studies have found that suppliers can expand specific investments by obtaining private information 
from the social network formed by common auditors (Dhaliwal et al., 2017) and common directors (Minnick & Raman,  
2017) with customers.
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4. Research design

4.1. Sample and data

Our sample is based on firms listed on the Shanghai and Shenzhen stock exchanges that 
reported at least one public firm as their major customer from 2007 to 2018. We require 
customers to be public firms to obtain their financial data for empirical analysis. We manually 
retrieved the names of the top five customers from suppliers’ annual reports. We then search 
for customer information using the disclosed name on two searching websites for corporate 
information (Qichacha and Tianyancha) to determine whether the customer is publicly listed. 
When a supplier reports more than one listed customer in a year, we weigh each customer’s 
data with its percentage of sales and then aggregate the data for each supplier year in our 
main tests (Chen et al., 2019; Chiu et al., 2019). Our empirical analysis is conducted on 
a supplier-year basis. We disregarded firms with incomplete data, firms active in financial 
services, and ST firms. The final sample consists of 1,376 supplier-year observations and 1,846 
supplier-customer-year observations from 650 unique suppliers.

An analyst is regarded as covering a firm in year t if he/she issues at least one research 
report for the firm in year t. We match analysts who follow supplier and customer firms to 
determine whether the supplier and customer are followed by common analysts. We 
obtain analyst data from RESSET, and all other data are from CSMAR. To mitigate the effect 
of outliers, we winsorised the continuous variables at 1% and 99%.

4.2. Measuring investment efficiency

Following Richardson (2006) and Liu et al. (2014), we measured investment inefficiency 
using the following model: 

where Invest is firm i‘s investment level in year t, measured as the sum of the net cash of 
construction expenditure of fixed, intangible, and other long-term assets and acquisition 
expenditure of the subsidiary and other business units, minus the sum of the net cash of 
disposal gains of fixed, intangible and other long-term assets, depreciation of fixed assets, 
amortisation of intangible assets, long-term deferred expense. Then the difference is 
divided by total assets at the beginning. Other variables include sales growth (Growth), 
leverage (Leverage), cash and cash equivalents divided by total assets (Cash), firm age 
(Age), firm size (Size), and stock returns (Return). We also include firm fixed effects and year 
fixed effects. We define investment inefficiency (Absinv) as the absolute value of the 
residuals from estimating Eq. (1). This captures the extent to which a firm’s investment 
deviates from the optimal investment level. A higher value of Absinv reflects a greater 
degree of investment inefficiency.

4.3. Model specification and measurement of key research variables

Following Chiu et al. (2019) and Chen et al. (2019), we tested Hypothesis 1 using the 
following model: 
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Absinv is a proxy for the extent of investment inefficiency. Sranalyst is the sales- 
weighted average for common analysts. We construct Sranalyst by defining a dummy 
variable, Analyst, for each supplier-customer-year observation, which equals one if 
the supplier and its customer are covered by the same analyst and zero otherwise. 
For each supplier-year, Sranalyst equals the sales-weighted average of Analyst across 
all customers. Following prior studies (Shen & Yu, 2021; Shen et al., 2012), we control 
for suppliers’ and customers’ characteristics. All key variables are as defined in 
Table 1. We also include firm fixed effects and year fixed effects. According to 
Hypothesis 1, the sign of the coefficient on Sranalyst, β1, should be significantly 
negative.

5. Empirical results

5.1. Descriptive statistics

Table 2 presents sample distributions by year. In general, the sample first increased and 
then gradually decreased. Table 3 reports the descriptive statistics for the variables used 
in our main analysis. It shows that: (1) the mean value of Absinv is 0.049. This indicates that 
on average, sample firms’ inefficient investment accounts for 4.9% of total assets at the 
period’s beginning. (2) The mean value of Sranalyst is 0.021 and the mean value of Analyst 
is 0.378, indicating that about 37.8% of the supplier-customer pairs in the sample are 
covered by common analysts.

Table 1. Definitions of key variables.
Variable Definition

Absinv The absolute values of residuals from Eq. (1)
Analyst An indicator variable that equals 1 if at least one common analyst follows the supplier and its 

customer, and 0 otherwise
Sranalyst The sales-weighted average of Analyst across all customers, and the following weighting method 

is the same

Supplier-specific control variables
Leverage_sup The ratio of total liabilities to total assets
Size_sup The natural logarithm of total assets
Top1_sup The largest shareholder’s share proportion
Board_sup The natural logarithm of the number of board directors
Outdir_sup The ratio of the number of outside directors to total directors
AR_sup The ratio of accounts and notes receivable to total assets
Dual_sup An indicator variable that equals 1 if the CEO is also the board’s chairman, and 0 otherwise
Debt_sup The ratio of bank loans to total assets
Sdmonth_sup The standard deviation of monthly stock returns
Earninggrowth_sup The percentage change in earnings
Div_sup The ratio of dividend per share to EPS
Ocf_sup The ratio of cash from operating to total sales
Managerhold_sup The management’s share proportion

Customer-specific control variables
BM_cut The sales-weighted average of total assets divided by the sum of the book value of debt and the 

market value of equity
Loss_cut The sales-weighted average of an indicator variable that equals 1 if earnings are negative and 0 

otherwise
Sdmonth_cut The sales-weighted average of standard deviation of monthly stock returns
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5.2. Basic empirical results

Table 4 reports the estimation results of Eq. (2). Consistent with our prediction, the 
coefficient on Sranalyst is significantly negative at the 1% level, indicating that when 
the supplier and customer are covered by common analysts, the supplier’s inefficiency 
investment is significantly lower, that is, supplier’s investment efficiency is significantly 
higher. Hypothesis 1 is supported. The estimated coefficient on Sranalyst is −0.062. It 
means a one standard deviation increase in Sranalyst would decrease Absinv by 0.41%, 
which corresponds to a decrease of 8.4% relative to the mean value of Absinv. Regarding 
the control variables, the results are largely consistent with the literature (Lu et al., 2015; 
Yang et al., 2017; Yao et al., 2020; Zhang et al., 2014).

6. Cross-sectional tests

We argue that suppliers collect extensive information about customers’ business pro
spects when making investment decisions, whereas common analysts have an 

Table 2. Sample distributions by year.
Year Number Frequency (%)

2007 12 0.87
2008 15 1.09
2009 78 5.67
2010 100 7.27
2011 157 11.41
2012 244 17.73
2013 228 16.57
2014 141 10.25
2015 151 10.97
2016 90 6.54
2017 85 6.18
2018 75 5.45
Total 1,376 100.00

Table 3. Descriptive statistics.
Variable N Mean Median Min Max SD

Absinv 1,376 0.049 0.037 0.001 0.275 0.046
Sranalyst 1,376 0.021 0.000 0.000 0.945 0.066
Analyst 1,846 0.378 0.000 0.000 1.000 0.485
Leverage_sup 1,376 0.471 0.481 0.040 0.891 0.199
Size_sup 1,376 22.517 22.289 19.309 28.509 1.497
Top1_sup 1,376 0.367 0.336 0.097 0.863 0.162
Board_sup 1,376 2.206 2.197 1.386 2.890 0.197
Outdir_sup 1,376 0.368 0.333 0.308 0.556 0.051
AR_sup 1,376 0.158 0.143 0.002 0.483 0.115
Dual_sup 1,376 0.200 0.000 0.000 1.000 0.400
Debt_sup 1,376 0.168 0.148 0.000 0.550 0.136
Sdmonth_sup 1,376 0.129 0.116 0.039 0.393 0.058
Earninggrowth_sup 1,376 −0.209 0.068 −48.322 7.051 4.427
Div_sup 1,376 0.281 0.219 0.000 1.811 0.297
Ocf_sup 1,376 0.079 0.069 −0.376 0.487 0.133
Managerhold_sup 1,376 0.102 0.000 0.000 0.692 0.180
BM_cut 1,376 0.052 0.020 0.000 0.788 0.092
Loss_cut 1,376 0.004 0.000 0.000 0.343 0.023
Sdmonth_cut 1,376 0.007 0.003 0.000 0.110 0.010
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information advantage. Therefore, suppliers can resort to common analysts for customers’ 
business prospect information and incorporate it into their investment decisions, leading 
to better investment efficiency. Based on the argument, common analysts’ improving 
effect is closely related to suppliers’ demand for customers’ business prospect information 
from common analysts and common analysts’ information advantage about such pro
spects. Common analysts should have a greater effect on improving suppliers’ investment 
efficiency if suppliers have a higher demand for obtaining customers’ business prospect 
information from common analysts and common analysts have a greater information 
advantage about such prospects. We conduct several cross-sectional tests from the above 
two aspects to validate our primary findings.

Table 4. Common analysts and suppliers’ invest
ment efficiency.

(1)
Absinv

Sranalyst −0.062***
(−2.75)

Leverage_sup −0.017
(−0.48)

Size_sup 0.014*
(1.84)

Top1_sup 0.039
(1.17)

Board_sup 0.008
(0.40)

Outdir_sup 0.004
(0.06)

AR_sup −0.129***
(−3.38)

Dual_sup −0.010*
(−1.72)

Debt_sup 0.017
(0.49)

Sdmonth_sup 0.083***
(2.68)

Earninggrowth_sup 0.001
(1.46)

Div_sup −0.015***
(−2.97)

Ocf_sup 0.043**
(2.52)

Managerhold_sup −0.034
(−0.49)

BM_cut 0.056**
(1.97)

Loss_cut −0.175***
(−3.68)

Sdmonth_cut 0.256
(1.38)

_cons −0.243
(−1.35)

Year Yes
Firm Yes
N 1,376
adj. R2 0.089

Note: t-statistics (in parentheses) are based on robust 
standard errors. ***, **, * indicate significance at the 
1%, 5%, and 10% levels, respectively.
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6.1. Suppliers’ demand for obtaining customers’ business prospect information 
from common analysts

This section first analyses how suppliers’ demand for obtaining customer information 
from common analysts influences the relation between common analysts and suppliers’ 
investment efficiency. Given that common analysts have information advantages regard
ing customers’ business prospects, they would have greater effects on suppliers’ invest
ment efficiency if suppliers have higher demands for obtaining customers’ business 
prospect information from common analysts. Suppliers can collect customers’ business 
prospect information by directly communicating with customers, analysing customers’ 
public information, or resorting to common analysts for their private information. 
Suppliers will experience higher demand for customers’ business prospect information 
from common analysts when directly communicating with customers is difficult (e.g. the 
supplier has a shorter relationship with and is smaller than its customers), or analysing 
customers’ public information is difficult (e.g. the customer has fluctuating earnings and 
poorer accounting information quality). Therefore, we expect common analysts to play 
a stronger role in improving suppliers’ investment efficiency under these circumstances.

6.1.1. The cooperation between suppliers and customers
Suppliers will be more familiar with customers and have more opportunities to commu
nicate directly with them if they cooperate for a lengthy period. Suppliers are more able to 
analyse customer information and predict customers’ business prospects after commu
nicating directly with them (Kadapakkam & Oliveira, 2021). In contrast, suppliers have 
fewer opportunities to communicate directly with customers and are less able to analyse 
customer information when they cooperate for a short time. In this situation, suppliers 
have a greater demand to obtain information about customers’ business prospects from 
common analysts, and they will play a stronger role in improving suppliers’ investment 
efficiency.

Following Kadapakkam and Oliveira (2021), we partition our sample based on the 
median value of the cooperation year between suppliers and customers and estimate Eq. 
(2) separately for each subsample. Table 5 presents the results of each partitioned 
subsample based on the year of cooperation. The coefficient on Sranalyst is significantly 
negative at the 5% level when suppliers and customers have shorter cooperation. The 
coefficient on Sranalyst is significantly negative at the 10% level when they have longer 
cooperation. More importantly, the difference in the coefficients on Sranalyst between the 
two subsamples is statistically significant at the 1% level. The results suggest a stronger 
association between common analysts and supplier investment efficiency for suppliers 
with greater information demand, resulting from shorter cooperation with customers.

6.1.2. Suppliers’ relative size
Suppliers with a smaller size relative to their customers tend to have weak bargaining 
power and have an information disadvantage (Chen et al., 2019). Therefore, such suppliers 
have diminished capacity to collect information directly from customers and have greater 
demand to obtain information about customers’ business prospects from common 
analysts. Consequently, we expect common analysts to have a stronger association with 
suppliers’ investment efficiency for relatively small suppliers.
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We partition our sample based on the median value of the relative size of 
suppliers by year and estimate Eq. (2) separately for each subsample. Table 6 
presents the results of each partitioned subsample based on the suppliers’ relative 
size. The coefficient on Sranalyst is significantly negative at the 5% level when 
suppliers are relatively smaller. The coefficient on Sranalyst is not significant when 
they are relatively larger. In addition, the difference in the coefficients on Sranalyst 
between the two subsamples is statistically significant at the 10% level. The results 
imply a stronger association between common analysts and supplier investment 
efficiency for suppliers with greater information demand, resulting from a relatively 
small size.

Table 5. Cross-sectional analysis based on suppliers’ demand: cooperation year.
(1) (2)

Shorter cooperation Longer cooperation

Sranalyst −0.927** −0.041*
(−2.18) (−1.75)

Leverage_sup −0.007 −0.059
(−0.15) (−1.00)

Size_sup 0.033*** 0.009
(2.87) (0.77)

Top1_sup 0.035 0.082*
(0.59) (1.82)

Board_sup 0.026 0.013
(0.76) (0.55)

Outdir_sup 0.103 0.056
(0.97) (0.48)

AR_sup −0.263*** −0.051
(−5.91) (−1.12)

Dual_sup −0.003 −0.017*
(−0.39) (−1.96)

Debt_sup 0.045 0.019
(0.83) (0.47)

Sdmonth_sup 0.107* 0.058
(1.78) (1.60)

Earninggrowth_sup 0.001*** 0.000
(4.00) (0.49)

Div_sup −0.022** −0.015*
(−2.35) (−1.75)

Ocf_sup 0.072** 0.036
(2.16) (1.59)

Managerhold_sup −0.114 0.009
(−0.69) (0.12)

BM_cut 0.025 0.062**
(0.07) (2.33)

Loss_cut −0.115 −0.179***
(−0.22) (−3.39)

Sdmonth_cut 1.979 0.179
(0.67) (0.82)

_cons −0.651** −0.208
(−2.14) (−0.76)

Year Yes Yes
Firm Yes Yes
N 688 688
adj. R2 0.292 0.067
P-value for the difference in the coefficients on Sranalyst 0.004***

Note: p-value is obtained by bootstrap 1000 times, the same as below.
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6.1.3. Customers’ earnings fluctuation
It is more difficult for suppliers to predict customers’ business prospects by 
analysing their public information when customers have volatile earnings. These 
suppliers are likely to be more diligent in gathering information to better acquaint 
themselves with future customer profitability. An important task of analysts is to 
analyse and forecast the earnings of covered firms. For example, analysts disag
gregate customer earnings’ core drivers and recognise the causes of abnormal 
earnings to forecast customer earnings. Therefore, common analysts can integrate 
supplier and customer information and analyse it with their superior ability. To 
optimise investment decisions, suppliers are more likely to resort to common 
analysts for customers’ business prospect information when customers have vola
tile earnings.

Table 6. Cross-sectional analysis based on suppliers’ demand: suppliers’ relative size.
(1) (2)

Smaller size Larger size

Sranalyst −0.050** −0.221
(−2.30) (−0.64)

Leverage_sup −0.054 −0.050
(−0.86) (−1.22)

Size_sup 0.009 0.033***
(0.84) (2.74)

Top1_sup 0.044 0.050
(0.93) (0.80)

Board_sup 0.023 0.004
(0.97) (0.16)

Outdir_sup 0.086 0.035
(0.72) (0.36)

AR_sup −0.033 −0.264***
(−0.75) (−5.45)

Dual_sup −0.024** −0.004
(−2.18) (−0.48)

Debt_sup 0.026 0.066
(0.47) (1.37)

Sdmonth_sup 0.064 0.097*
(1.58) (1.81)

Earninggrowth_sup 0.000 0.001*
(0.59) (1.73)

Div_sup −0.019** −0.022**
(−2.15) (−2.57)

Ocf_sup 0.039* 0.064**
(1.74) (2.09)

Managerhold_sup 0.001 −0.237*
(0.01) (−1.84)

BM_cut 0.051** −0.016
(2.00) (−0.04)

Loss_cut −0.162*** −1.051**
(−3.09) (−2.25)

Sdmonth_cut 0.101 7.416***
(0.47) (2.71)

_cons −0.221 −0.655**
(−0.87) (−2.26)

Year Yes Yes
Firm Yes Yes
N 691 685
adj. R2 0.076 0.231
P-value for the difference in the coefficients on Sranalyst 0.058*
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Following Zeng and Lu (2016), we measure customers’ earnings fluctuation using the 
sales-weighted average of customers’ standard deviation of ROE in the last five years. We 
partition our sample based on the median value of customers’ standard deviation of ROE 
by year and estimate Eq. (2) separately for each subsample. Table 7 presents the results of 
each partitioned subsample based on the customers’ standard deviation of ROE. The 
coefficient on Sranalyst is significantly negative at the 5% level when customers have 
higher earnings fluctuation. The coefficient on Sranalyst is not significant when customers 
have lower earnings fluctuation. In addition, the difference in the coefficients on Sranalyst 
between the two subsamples is statistically significant at the 5% level. These results imply 
that common analysts are more helpful in improving suppliers’ investment efficiency 
when customers have volatile earnings.

Table 7. Cross-sectional analysis based on suppliers’ demand: customers’ earning fluctuation.
(1) (2)

Lower fluctuation Higher fluctuation

Sranalyst 0.252 −0.056**
(1.34) (−2.39)

Leverage_sup −0.021 −0.075
(−0.49) (−1.11)

Size_sup 0.025** 0.012
(2.11) (1.06)

Top1_sup 0.048 0.060
(0.78) (1.05)

Board_sup 0.022 0.033
(0.82) (1.20)

Outdir_sup 0.022 0.184
(0.30) (1.19)

AR_sup −0.245*** −0.019
(−5.04) (−0.32)

Dual_sup −0.007 −0.018
(−0.95) (−1.64)

Debt_sup 0.051 0.029
(0.91) (0.55)

Sdmonth_sup 0.110** 0.057
(2.20) (1.41)

Earninggrowth_sup 0.000 0.000
(0.94) (0.39)

Div_sup −0.014** −0.019***
(−1.97) (−2.60)

Ocf_sup 0.044* 0.057**
(1.72) (2.43)

Managerhold_sup 0.111 −0.080
(1.10) (−1.16)

BM_cut −0.021 0.054*
(−0.22) (1.78)

Loss_cut −0.326 −0.174***
(−0.32) (−2.99)

Sdmonth_cut 0.032 0.110
(0.02) (0.49)

_cons −0.502* −0.317
(−1.73) (−1.15)

Year Yes Yes
Firm Yes Yes
N 735 641
adj. R2 0.176 0.072
P-value for the difference in the coefficients on Sranalyst 0.047**
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6.1.4. Customers’ accounting information quality
Accounting information is an important source of public information for firms. High- 
quality accounting information helps alleviate information asymmetry between firms 
and stakeholders. Comparability is an important characteristic of accounting information 
quality.6 Suppliers can only estimate customers’ business prospects based on the 
accounting information disclosed by them when the accounting information compar
ability is lower. Additionally, it is difficult to cross-verify the accounting information of 
customers’ comparable firms. In this case, the suppliers’ demand for obtaining customers’ 
business prospect information from common analysts increases and the role of common 
analysts in improving suppliers’ investment efficiency will be enhanced.

Following De Franco et al. (2011), we measured the comparability of customer 
accounting information using the sales-weighted average of the comparability mean 
between customers and other firms in the same industry. We partition our sample 
based on the median value of customers’ accounting information comparability by year 
and estimate Eq. (2) separately for each subsample. Table 8 presents the results of each 
partitioned subsample based on this criterion. The coefficient on Sranalyst is significantly 
negative at the 5% level when customers have lower accounting information compar
ability. The coefficient on Sranalyst is not significant when customers have higher 
accounting information comparability. In addition, the difference in the coefficients on 
Sranalyst between the two subsamples is statistically significant at the 1% level. These 
results imply that common analysts are more helpful in improving suppliers’ investment 
efficiency when customers have poorer accounting information quality.

6.2. Common analysts’ information advantage regarding customers’ business 
prospects

This section analyses how common analysts’ information advantage regarding customers’ 
business prospects influences the relation between common analysts and suppliers’ 
investment efficiency. Given that suppliers have a certain demand to obtain customers’ 
business prospects from common analysts for investment decisions, the relation between 
common analysts and suppliers’ investment efficiency will be stronger if common analysts 
have a greater information advantage about customers’ business prospects. Following 
Martens and Sextroh (2021), we investigate heterogeneity in common analysts’ informa
tion advantages from the following four perspectives:

(1) Common analysts’ customer-industry specialisation. Industry knowledge is the most 
useful input for analysts’ earnings forecasts (Brown et al., 2015). Common analysts can 
accumulate more customer-industry knowledge to better estimate customers’ busi
ness prospects when they primarily cover customers’ industries. We divide the 
independent variable Sranalyst into two variables: Sranalyst_high1 equals one if 
common analysts primarily cover customers’ industries, and zero otherwise. Then 
we calculate the sales-weighted average value. Sranalyst_regular1 equals one if 

6In addition, we also use transparency to measure customers’ accounting information quality. Following Dechow et al. 
(1995), we measure accounting information transparency using earnings management.The result shows that the 
coefficient on Sranalyst is negative and significant only for suppliers whose customers accounting information 
transparency is lower.
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common analysts do not primarily cover customers’ industries, and zero otherwise, 
then the sales-weighted average value is calculated. To measure whether common 
analysts primarily cover the customer industry, we first calculate the ratio of the 
number of customer-industry firms in every analyst’s portfolio each year. Then, we 
classify common analysts to primarily cover the customer industry if more than half of 
common analysts’ ratios exceed the 90th percentile across all analysts’ ratios in the 
same year.

(2) Common analysts’ information about customers’ competitors. Common analysts 
can combine information about customers’ competitors to more accurately esti
mate customers’ business prospects when they cover more firms in customers’ 
industries. We divide the independent variable Sranalyst into two variables: 
Sranalyst_high2 equals one if common analysts cover more firms in the customer’s 

Table 8. Cross-sectional analysis based on suppliers’ demand: customers’ accounting information 
quality.

(1) (2)
Lower comparability Higher comparability

Sranalyst −0.051** 0.305
(−2.52) (1.12)

Leverage_sup −0.089 −0.072
(−1.04) (−1.14)

Size_sup 0.015 0.074***
(0.86) (4.23)

Top1_sup 0.079 0.080
(1.20) (0.92)

Board_sup 0.036 −0.039
(1.04) (−0.97)

Outdir_sup 0.190 −0.282**
(1.09) (−2.09)

AR_sup −0.089 −0.248**
(−1.51) (−2.50)

Dual_sup −0.017 −0.040***
(−1.40) (−2.84)

Debt_sup 0.007 −0.007
(0.09) (−0.11)

Sdmonth_sup 0.048 0.103
(1.15) (1.43)

Earninggrowth_sup −0.000 −0.001
(−0.28) (−1.36)

Div_sup −0.009 −0.043***
(−0.90) (−3.48)

Ocf_sup 0.031 0.051
(1.33) (1.00)

Managerhold_sup 0.026 0.200
(0.35) (1.02)

BM_cut 0.068** −0.120
(2.22) (−0.24)

Loss_cut −0.166** 0.400
(−2.53) (0.79)

Sdmonth_cut −0.014 1.048
(−0.06) (0.58)

_cons −0.427 −1.324***
(−1.01) (−3.22)

Year Yes Yes
Firm Yes Yes
N 451 498
adj. R2 0.077 0.330
P-value for the difference in the coefficients on Sranalyst 0.003***
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industry, and zero otherwise. Then we calculate the sales-weighted average value. 
Sranalyst_regular2 equals one if common analysts cover regular firms in the custo
mer’s industry, and zero otherwise, then the sales-weighted average value is 
calculated. To measure whether common analysts cover more firms in the custo
mer industry, we first calculate the number of customer-industry firms in every 
analyst’s portfolio each year. We then classify common analysts to obtain more 
information about customers’ competitors if more than half of common analysts’ 
number covering customer-industry firms exceeds the 90th percentile across all 
analysts in the same year.

(3) Whether common analysts are star analysts. Star analysts have higher positions, 
powerful influence on the capital market, and various sources of information (Liu & 
Chen, 2019). Therefore, common star analysts have more information sources and 
a stronger ability to predict customers’ business prospects. We divide the indepen
dent variable Sranalyst into two variables: Sranalyst_high3 equals one if more than 
half of the common analysts are star analysts, and zero otherwise, then the sales- 
weighted average value is calculated. Sranalyst_regular3 equals one if less than half 
of the common analysts are star analysts, and zero otherwise, then the sales- 
weighted average value is calculated.

(4) Common analysts’ working experience. Common analysts can accumulate more 
industry and firm-level information if they have greater working experience. We 
divide the independent variable Sranalyst into two variables: Sranalyst_high4 
equals one if common analysts have more working experience, and zero otherwise, 
then the sales-weighted average value is calculated. Sranalyst_regular4 equals one 
if common analysts have regular working experience, and zero otherwise, then the 
sales-weighted average value is calculated. To measure whether common analysts 
have more working experience, we first calculate every analyst’s years of experi
ence each year. Then we classify common analysts as having more working 
experience if more than half of common analysts’ working years exceed the 90th 
percentile across all analysts in the same year.

We estimate Eq. (2) using the above variable. First, we replace Sranalyst with 
Sranalyst_high1 and Sranalyst_regular1, which are proxies for common analysts’ custo
mer-industry specialisation. Table 9 column (1) shows that the coefficient on 
Sranalyst_high1 is significantly negative at the 1% level and that on Sranalyst_regular1 is 
significantly negative at the 5% level, indicating that common analysts with high or 
regular customer-industry specialisation can improve suppliers’ investment efficiency. 
The coefficient on Sranalyst_high1 is −0.681, and that on Sranalyst_regular1 is −0.055. 
The difference in the coefficients is significant at the 1% level, which suggests that 
common analysts with a higher customer-industry specialisation have a greater effect 
on suppliers’ investment efficiency.

Second, we replace Sranalyst with Sranalyst_high2 and Sranalyst_regular2, which are 
proxies for common analysts’ information about customers’ competitors. Table 9 column 
(2) shows that the coefficient on Sranalyst_high2 is significantly negative at the 1% level 
and that on Sranalyst_regular2 is significantly negative at the 5% level, indicating that 
common analysts with more or regular information about customers’ competitors can 
improve suppliers’ investment efficiency. The coefficient on Sranalyst_high2 is −0.107, and 
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Table 9. Cross-sectional analysis based on common analysts’ information advantage.
(1) (2) (3) (4)

Absinv Absinv Absinv Absinv

Customer-industry specialisation
Sranalyst_high1 −0.681***

(−8.21)
Sranalyst_regular1 −0.055**

(−2.28)
Information about customers’ competitors
Sranalyst_high2 −0.107***

(−3.07)
Sranalyst_regular2 −0.048**

(−2.10)
Star analysts
Sranalyst_high3 −0.159***

(−2.95)
Sranalyst_regular3 −0.049**

(−2.23)
Working experience
Sranalyst_high4 −0.192**

(−2.58)
Sranalyst_regular4 −0.049**

(−2.13)
Leverage_sup −0.019 −0.017 −0.015 −0.016

(−0.57) (−0.48) (−0.44) (−0.45)
Size_sup 0.013* 0.013* 0.013* 0.014*

(1.73) (1.78) (1.78) (1.82)
Top1_sup 0.045 0.039 0.036 0.037

(1.35) (1.17) (1.09) (1.11)
Board_sup 0.009 0.008 0.008 0.008

(0.44) (0.40) (0.41) (0.41)
Outdir_sup 0.024 0.004 0.006 0.008

(0.29) (0.06) (0.09) (0.11)
AR_sup −0.135*** −0.131*** −0.128*** −0.131***

(−3.59) (−3.41) (−3.34) (−3.39)
Dual_sup −0.010* −0.010* −0.010* −0.010*

(−1.75) (−1.72) (−1.69) (−1.70)
Debt_sup 0.020 0.018 0.017 0.017

(0.60) (0.51) (0.50) (0.50)
Sdmonth_sup 0.082*** 0.084*** 0.082*** 0.081***

(2.65) (2.68) (2.64) (2.62)
Earninggrowth_sup 0.001 0.001 0.001 0.001

(1.48) (1.46) (1.51) (1.51)
Div_sup −0.015*** −0.015*** −0.015*** −0.015***

(−2.92) (−2.95) (−2.95) (−3.04)
Ocf_sup 0.042** 0.042** 0.043** 0.043**

(2.48) (2.49) (2.53) (2.56)
Managerhold_sup −0.041 −0.035 −0.033 −0.031

(−0.59) (−0.51) (−0.47) (−0.45)
BM_cut 0.055* 0.054* 0.058** 0.050*

(1.91) (1.89) (2.07) (1.66)
Loss_cut −0.176*** −0.183*** −0.196*** −0.174***

(−3.71) (−3.82) (−4.03) (−3.66)
Sdmonth_cut 0.274 0.277 0.271 0.283

(1.44) (1.53) (1.54) (1.48)
_cons −0.234 −0.234 −0.236 −0.241

(−1.31) (−1.30) (−1.31) (−1.35)
Year Yes Yes Yes Yes
Firm Yes Yes Yes Yes
N 1,376 1,376 1,376 1,376
adj. R2 0.099 0.090 0.092 0.092
P-value for the difference in the coefficients on Sranalyst_high and 

Sranalyst_regular
0.000*** 0.068* 0.035** 0.049**
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that on Sranalyst_regular2 is −0.048. The difference in the coefficients is significant at the 
10% level, which suggests that common analysts with more information about customers’ 
competitors have a greater effect on suppliers’ investment efficiency.

Third, we replace Sranalyst with Sranalyst_high3 and Sranalyst_regular3, which are 
proxies for whether common analysts are star analysts. Table 9 column (3) shows that 
the coefficient on Sranalyst_high3 is significantly negative at the 1% level and that on 
Sranalyst_regular3 is significantly negative at the 5% level, indicating whether common 
analysts are star analysts, they can improve suppliers’ investment efficiency. The coeffi
cient on Sranalyst_high3 is −0.159 and that on Sranalyst_regular3 is −0.049. The difference 
in coefficients is significant at the 5% level, which suggests that common star analysts 
have a greater effect on suppliers’ investment efficiency.

Fourth, we replace Sranalyst with Sranalyst_high4 and Sranalyst_regular4, which are 
proxies for common analysts’ working experience. Table 9 column (4) shows that the 
coefficient on Sranalyst_high4 is significantly negative at the 5% level and that on 
Sranalyst_regular4 is significantly negative at the 5% level, indicating that common 
analysts with more or regular working experience can improve suppliers’ investment 
efficiency. The coefficient on Sranalyst_high4 is −0.192, and that on Sranalyst_regular4 is 
−0.049. The difference in coefficients is significant at the 5% level, which suggests that 
common analysts with more working experience have a greater effect on suppliers’ 
investment efficiency.

7. Robustness tests

7.1. Alternative proxy for investment efficiency

We use the residuals estimated from the model of Biddle et al. (2009) as an alternative 
proxy for suppliers’ investment efficiency (Absinv2). The model is a regression of the 
investment in lagged sales growth. Table 10 shows that the coefficient on Sranalyst 
remains significantly negative at the 1% level, indicating that our main result holds for 
different measurements of investment efficiency.

7.2. Control the influence of other information channels

Existing studies have explored the influence of common auditors (Dhaliwal et al., 2017) 
and common directors (Minnick & Raman, 2017) between suppliers and customers on 
suppliers’ investment decisions. To exclude the interference of common auditors and 
directors in our main result, we further control two variables: common auditors 
(Srcommonauditor) and common directors (Srcommondirector). As Table 11 shows, the 
coefficient on Sranalyst remains significantly negative at the 1% level, which means that 
our main result holds after controlling for the influence of common auditors and directors. 
Meanwhile, the coefficients on Srcommonauditor and Srcommondirector are not signifi
cant. Possible reasons are as follows. First, Dhaliwal et al. (2017) and Minnick and Raman 
(2017) are based on listed firms in the United States. Owing to differences in the institu
tional environment between China and the United States, our study may not find 
corresponding significant results. Second, the proportion of suppliers and customers 
with common analysts is about 37.81%, while the proportion of common auditors is 
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about 1.79%, and the proportion of common directors is about 4.66% in our sample. It is 
difficult to find significant results since it is relatively rare for suppliers and customers to 
share auditors and directors.

7.3. Control the influence of customer accounting information quality

Existing studies have found that customers’ high accounting information quality can help 
suppliers better predict customers’ future demand and improve their investment efficiency 
(Chen et al., 2021). We further control the influence of customer accounting information 
quality. Following Chen et al. (2021), we measure customer accounting information quality 
using the reverse of the three-year standard deviation of residuals from the DD model 
(AQ_cut_sd). A higher value of AQ_cut_sd reflects better customers’ accounting information 
quality. Table 12 shows that consistent with Chen et al. (2021), the coefficient on AQ_cut_sd is 

Table 10. Alternative proxy for investment 
efficiency.

(1)
Absinv2

Sranalyst −0.062***
(−2.75)

Leverage_sup −0.017
(−0.48)

Size_sup 0.014*
(1.84)

Top1_sup 0.039
(1.17)

Board_sup 0.008
(0.40)

Outdir_sup 0.004
(0.06)

AR_sup −0.129***
(−3.38)

Dual_sup −0.010*
(−1.72)

Debt_sup 0.017
(0.49)

Sdmonth_sup 0.083***
(2.68)

Earninggrowth_sup 0.001
(1.46)

Div_sup −0.015***
(−2.97)

Ocf_sup 0.043**
(2.52)

Managerhold_sup −0.034
(−0.49)

BM_cut 0.056**
(1.97)

Loss_cut −0.175***
(−3.68)

Sdmonth_cut 0.256
(1.38)

_cons −0.243
(−1.35)

Year Yes
Firm Yes
N 1,376
adj. R2 0.089
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significantly negative, which means that customers’ high accounting information quality 
improves suppliers’ investment efficiency. Meanwhile, the coefficient on Sranalyst remains 
significantly negative at the 1% level, indicating that our main result is robust after controlling 
the influence of customer accounting information quality.

7.4. Endogeneity

We use firm fixed effects, year fixed effects, and control for known factors associated with 
suppliers’ investment efficiency in the main model. However, it remains possible that some 
omitted factors contribute to both common analyst coverage and better supplier 

Table 11. Control the influence of other infor
mation channels.

(1)
Absinv

Sranalyst −0.062***
(−2.70)

Srcommonauditor 0.078
(1.02)

Srcommondirector −0.007
(−0.18)

Leverage_sup −0.016
(−0.45)

Size_sup 0.014*
(1.83)

Top1_sup 0.039
(1.18)

Board_sup 0.008
(0.42)

Outdir_sup 0.005
(0.06)

AR_sup −0.128***
(−3.34)

Dual_sup −0.010*
(−1.72)

Debt_sup 0.017
(0.49)

Sdmonth_sup 0.084***
(2.68)

Earninggrowth_sup 0.001
(1.46)

Div_sup −0.015***
(−2.91)

Ocf_sup 0.043**
(2.51)

Managerhold_sup −0.034
(−0.48)

BM_cut 0.055*
(1.91)

Loss_cut −0.172***
(−3.51)

Sdmonth_cut 0.246
(1.29)

_cons −0.244
(−1.36)

Year Yes
Firm Yes
N 1,376
adj. R2 0.088
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investment efficiency. In addition, suppliers with higher investment efficiency may attract 
analysts who follow customers to follow them at the same time. In conclusion, our study 
may have endogeneity concerns resulting from omitted variables and reverse causality. To 
address this concern, we use the propensity score matching method (PSM) and construct 
different-in-difference tests (DID) by investigating supplier firms that experience a decrease 
in the coverage of common analysts for relatively exogenous shock and M&A events.7

Table 12. Control the influence of customer 
accounting information quality.

(1)
Absinv

Sranalyst −0.074***
(−3.08)

AQ_cut_sd −0.066***
(−2.64)

Leverage_sup −0.045
(−1.11)

Size_sup 0.019*
(1.87)

Top1_sup 0.049
(1.30)

Board_sup −0.003
(−0.13)

Outdir_sup −0.041
(−0.41)

AR_sup −0.117**
(−2.57)

Dual_sup −0.012
(−1.58)

Debt_sup 0.007
(0.18)

Sdmonth_sup 0.077**
(2.26)

Earninggrowth_sup 0.001
(1.52)

Div_sup −0.022***
(−3.26)

Ocf_sup 0.047**
(2.30)

Managerhold_sup −0.013
(−0.14)

BM_cut 0.067**
(2.23)

Loss_cut −0.199***
(−3.87)

Sdmonth_cut 0.146
(0.75)

_cons −0.302
(−1.28)

Year Yes
Firm Yes
N 1,149
adj. R2 0.101

7Besides, we also adopt the lag regression and use the number of departures for analysts who follow customers 
every year to construct instrumental variables for regression to alleviate the endogeneity concern. Our results are 
robust in these tests.

622 C. ZENG AND S. TANG



7.4.1. Propensity score matching
Analysts may obtain benefits by covering both suppliers and customers because of the 
economic link between them. If analysts endogenously make their coverage decisions, 
which leads to a positive association between common analyst coverage and suppliers’ 
investment efficiency, our main result may be affected. We use the PSM method to 
address this concern.

To construct the matched sample, we follow Guan et al. (2015) to estimate Eq. (3) for 
the presence of common analysts using the supplier-customer-year dataset. 

The dependent variable Analyst equals one if the supplier and its customer are covered 
by the same analyst, and zero otherwise. According to Guan et al. (2015), we include the 
following factors that may influence analysts’ coverage decisions: the natural logarithm of 
the supplier’s equity market capitalisation (Mktv_sup), the natural logarithm of the sup
plier’s annual trading volume (Volume_sup), the natural logarithm of the customer’s 
equity market capitalisation (Mktv_cut), the natural logarithm of the customer’s annual 
trading volume (Volume_cut), the customer’s leverage ratio (Leverage_cut), whether the 
supplier and customer are in the same industry (Sameind), and the percentage of suppli
er’s sales to its customers (Ratio). Controls represent all control variables in Eq. (2). The 
results show that the larger supplier’s equity market capitalisation, the smaller supplier’s 
trading volume, the higher percentage of supplier’s sales to its customers, and the same 
industry will result in a higher propensity for an analyst to cover both a supplier and its 
customer.

We use a 0.01 calliper and the 1:1 nearest neighbour matching method. Finally, we 
obtain 812 supplier-customer-year observations, and all variables pass the balance test. 
According to Luo and Yu (2019), we use a sales-weighted average method to transform 
the matched samples and then estimate Eq. (2). Table 13 shows that the coefficient on 
Sranalyst is significantly negative at the 1% level.

7.4.2. Common analyst departures
In social network research, researchers usually search for shocks that lead to relatively 
exogenous changes in relationships. The common method is to construct a quasi-DID 
model by using events that lead to relationship interruption, such as individual departure, 
death, and retirement. Analyst departures are commonly used as exogenous shocks in 
analyst research.

Following Li et al. (2020), we use the relatively exogenous shock of common analyst 
departures and examine its effect on suppliers’ investment efficiency to address endo
geneity concerns resulting from omitted variables and reverse causality. Analysts choose 
to depart mainly for their career planning, which is less influenced by individual firms. 
Therefore, the departure shock is relatively exogenous. We should observe no significant 
difference between the effect of common analyst departures on a supplier’s investment 
efficiency, relative to non-common analyst departures, if the relation is driven by other 
unobservable factors (omitted variable), or if suppliers with higher investment efficiency 
attract analysts who follow customers to follow them simultaneously (reverse causal). 
Otherwise, we should observe that a supplier’s investment efficiency decreases after 
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common analyst departures if they play a role in improving the supplier’s investment 
efficiency.

Following Li et al. (2020), we consider an analyst to depart if she or he stops issuing 
forecasts. Specifically, we identify analyst departures when the analyst last issued 
a forecast in 2018 or earlier. We use Eq. (4) to compare the effect of common analyst 
departures on suppliers’ investment efficiency relative to departures of non-common 
analysts. Treat equals one if departure analysts involve common analysts and zero other
wise. When we set a three-year observation period, Post equals one for the analyst’s 
departure year and the next year, and zero for the year before while he or she followed 
the firm. When we set a two-year observation period, Post equals one for the analyst’s 
departure year and zero for the year before while he or she follows the firm. To identify 
the effect of analyst departures on supplier investment efficiency more accurately, we 
delete the sample with two or more consecutive years of analyst departures. Table 14 

Table 13. PSM method.
(1)

Absinv

Sranalyst −0.091***
(−2.79)

Leverage_sup −0.055
(−0.92)

Size_sup 0.024
(1.52)

Top1_sup 0.093
(0.92)

Board_sup −0.008
(−0.26)

Outdir_sup −0.108
(−0.71)

AR_sup −0.159***
(−2.73)

Dual_sup −0.004
(−0.45)

Debt_sup 0.028
(0.48)

Sdmonth_sup 0.044
(0.78)

Earninggrowth_sup 0.002
(1.28)

Div_sup −0.014**
(−2.05)

Ocf_sup 0.061**
(2.05)

Managerhold_sup 0.123
(1.45)

Bm_cut 0.078
(1.54)

Loss_cut −0.173**
(−2.22)

Sdmonth_cut 0.393
(1.12)

_cons −0.408
(−1.09)

Year Yes
Firm Yes
N 675
adj. R2 0.148
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column (1) shows the result of the three-year observation period, and column (2) shows 
the result of the two-year observation period. The coefficient on Treat*Post is significantly 
positive, indicating that compared with non-common analyst departures, after common 
analyst departures, the supplier’s inefficiency investment increases significantly, that is, 
the investment efficiency decreases. These results show that common analysts do 
improve suppliers’ investment efficiency. The tests largely overcome potential endogene
ity concerns caused by omitted variables and reverse causality. 

Table 14. The influence of common analysts’ 
departures.

(1) (2)
Absinv Absinv

Post −0.017 −0.050**
(−1.29) (−2.06)

Treat*Post 0.025** 0.035***
(2.23) (2.65)

Leverage_sup −0.172** −0.516***
(−2.56) (−3.14)

Size_sup 0.033 0.154*
(0.95) (1.76)

Top1_sup 0.000 −0.004
(0.19) (−1.66)

Board_sup −0.011 −0.025
(−0.26) (−0.22)

Outdir_sup 0.006 0.118
(0.05) (0.52)

AR_sup −0.047 0.301*
(−0.51) (1.90)

Dual_sup 0.011 0.014
(1.04) (0.76)

Debt_sup 0.030 0.080
(0.65) (0.95)

Sdmonth_sup 0.047 −0.058
(0.98) (−0.48)

Earninggrowth_sup 0.000 −0.000
(0.43) (−1.38)

Div_sup −0.000 0.001**
(−0.40) (2.25)

Ocf_sup 0.001 −0.037
(1.18) (−1.28)

Managerhold_sup −0.095** −0.046
(−2.10) (−0.91)

BM_cut 0.100 0.423*
(0.59) (1.75)

Loss_cut −0.274 −3.437***
(−0.54) (−2.84)

Sdmonth_cut −0.751 −2.576*
(−1.07) (−1.89)

_cons −0.511 −3.186*
(−0.68) (−1.73)

Year Yes Yes
Firm Yes Yes
N 227 150
adj. R2 0.096 0.263
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7.4.3. Supplier M&A performance
Following Chen et al. (2019), we examine the effect of common analysts on supplier 
subsequent M&A performance. According to Chen et al. (2019), first, M&A is an important 
investment activity. Good M&A performance reflects high investment efficiency. Second, 
comparing the performance differences between suppliers with and without common 
analysts before and after M&A events is equivalent to applying the difference-in- 
differences (DID) method. Finally, testing the influence of common analyst coverage in 
the current year on supplier M&A performance in subsequent years is equivalent to using 
lag regression. Therefore, supplier M&A performance analysis can alleviate the endogene
ity concern.

Figure 1 shows the timelines of common analyst coverage and supplier M&A perfor
mance. First, the supplier has common analysts with the customer in period t. Second, the 
supplier announces the M&A event in period t + 2. Finally, we examine the influence of 
common analyst coverage in period t on the supplier’s M&A performance in period t + 2 
by measuring the change in performance of the supplier before and after the M&A event 
(the change in performance in period t + 1 and period t + 3).

We set the following model: 

The dependent variable Chg_ROAi,t+2 represents the supplier M&A performance in period 
t + 2. We set the benchmark as ROA of firms in the same industry without M&A and 
common analysts during the same period (Chen et al., 2019). We measure Chg_ROAi,t+2 in 
the following way.

First, we calculate the supplier ROA before the M&A announcement (period t + 1), 
subtracted by the mean ROA of all supplier firms without M&A and common analysts in 
the same industry during the same period. Second, we calculate the supplier ROA after 
the M&A announcement (period t + 3), subtracted by the mean ROA of all supplier firms 
without M&A and common analysts in the same industry during the same period. Third, 
we calculate the difference between the ROA difference before and after the M&A 
announcement as our dependent variable in Eq. (5). The independent variable 
Sranalysti,t indicates whether the supplier shares common analysts with its customer in 
period t. We restrict the sample to suppliers with M&A events in the period t + 2. Table 15 
shows that the coefficient on Sranalyst is significantly positive, indicating that common 
analysts can improve suppliers’ M&A performance in subsequent periods and improve 
their investment efficiency.

Figure 1. The timelines of common analyst coverage and supplier M&A performance.
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8. Conclusion

This study examines the effect of common analysts covering both suppliers and their 
major customers on suppliers’ investment efficiency. Using a sample of A-share listed 
firms in China from 2007 to 2018, we find that suppliers with common analyst coverage 
exhibit higher investment efficiency. This effect is stronger when suppliers have greater 
demand for obtaining customer information from common analysts, for example, when 
suppliers have shorter relationships with and are smaller than their customers, and when 
their customers have more fluctuating earnings and poorer accounting information 
quality. It is also stronger when common analysts possess a distinct information advan
tage about customers, for example, when they have relatively higher customer industry 
specialisation, more information about customers’ competitors, more experience, and are 
star analysts. Our results are robust to a series of robustness checks and endogeneity tests. 

Table 15. Common analysts and 
suppliers’ M&A performance.

(1)
Chg_ROA

Sranalyst 0.535*
(1.75)

Leverage_sup −0.126
(−0.48)

Size_sup 0.099
(1.06)

Top1_sup 0.951*
(1.72)

Board_sup 0.097
(0.31)

Outdir_sup −0.994
(−1.17)

AR_sup 0.003
(0.01)

Dual_sup −0.038
(−0.90)

Debt_sup −0.090
(−0.22)

Sdmonth_sup −0.363
(−1.12)

Earninggrowth_sup 0.000
(0.12)

Div_sup 0.029
(0.79)

Ocf_sup 0.047
(0.43)

Managerhold_sup 0.775**
(2.18)

BM_cut −0.382
(−1.15)

Loss_cut 0.592
(1.03)

Sdmonth_cut 2.350
(1.05)

_cons −2.487
(−1.09)

Year Yes
Firm Yes
N 369
adj. R2 0.123
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Taken together, our results suggest that suppliers can obtain prospective information 
about their customers from common analysts, which facilitates suppliers’ efficient 
investment.

Our findings have several important implications. Firms can predict future demand 
more accurately and enrich the investment information set by resorting to common 
analysts for customers’ business prospect information. Investors can improve portfolio 
returns by selecting firms covered by common analysts because smooth information flow 
can improve the supply chain value.
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