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Abstract: Using disclosed top-ten holdings data of mutual funds in China's A-share market, this paper constructs a disclosure-

based crowding measure and examines its relationship with stock price efficiency. Combining CSMAR data, the paper builds a 

Q1 disclosure-based panel covering 38,536 stock-quarter observations for 4,871 A-share stocks from 2011-03-31 to 2023-03-31. 

Using PriceDelay as the main proxy, the baseline results show that the coefficient on Top10Crowding_Ln1p_w remains 

significantly negative and reaches -0.0046 in the main specification, indicating that stronger fund crowding is associated with 

faster incorporation of information into prices. This conclusion remains stable across alternative variable definitions and s ample 

treatments. Mechanism tests provide clearer support for the turnover channel, whereas illiquidity behaves more like a complex 

channel or suppressor effect. The efficiency-improving effect is mainly concentrated in large-cap, low-illiquidity, and high-

volatility stocks. 
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1. Introduction 

In recent years, the institutionalization of China's A-share 

market has continued to deepen. Mutual funds have become 

an important pricing force, and concentrated allocation in 

core assets has become increasingly prominent [1-5]. 

This raises the central question of the paper: does 

concentrated fund ownership improve stock price efficiency, 

or does crowded trading weaken the price discovery function  

[6-11]? 

Existing studies discuss the market consequences of 

institutional investors, herding, and crowded positions, but 

direct evidence on the relationship between concentrated fund 

allocation and stock price efficiency remains limited [3, 4, 8-

15]. 

The institutional setting of China's A-share market makes 

this question especially relevant [1, 2, 12-14]. 

This paper defines its research object as mutual fund 

crowding in disclosed top holdings, that is, the concentration 

pattern formed when multiple funds simultaneously place the 

same stock among their heavy holdings within the same 

disclosure period, and it uses PriceDelay to measure stock 

price efficiency [16-18]. 

Based on the Q1 disclosure-based sample from 2011-03-31 

to 2023-03-31, this paper finds that stronger fund crowding is 

significantly associated with lower price delay. The turnover 

channel receives support, and the effect is mainly 

concentrated in large-cap, low-illiquidity, and high-volatility 

stocks. 

The contribution of this paper is that it characterizes 

institutional concentration through the identifiable concept of 

mutual fund crowding in disclosed top holdings and directly 

takes stock price efficiency as the core outcome variable. 

The disclosed fund-holdings source data currently cover 

only the March 31 quarter of each year, so the formal sample 

is essentially a Q1 disclosure-based panel. 

The remainder of the paper is organized as follows. Section 

2 reviews the literature and develops the hypotheses. Section 

3 presents the research design. Section 4 reports the empirical 

results. Section 5 concludes and discusses implications. 

2. Literature Review and Research 
Hypotheses 

2.1. Institutional Investors and Stock Price 

Efficiency 

The literature offers two broad views on the relationship 

between institutional investors and stock price efficiency: one 

emphasizes that institutions can accelerate the incorporation 

of information into prices, whereas the other argues that 

highly concentrated holdings may bring crowded trading and 

liquidity fragility [3-11, 15]. 

Therefore, whether mutual fund crowding in disclosed top 

holdings improves or weakens stock price efficiency still 

needs to be tested in a concrete market setting. 

2.2. Literature on Herding, Common 

Ownership, and Crowding 

More directly related to this paper is the literature on 

herding, common ownership, and crowded positions. The 

concept of "mutual fund crowding in disclosed top holdings" 

used here is closer to concentration intensity under a 

disclosure-based definition [3-5, 10, 11, 14, 15]. 

Existing studies focus more on returns, volatility, crash risk, 

and liquidity consequences, while direct tests of stock price 

efficiency are relatively scarce [3-5, 15]. 

Accordingly, this paper narrows the research object to 

heavy-holding crowding that matches the fund disclosure 

frequency, thereby improving the consistency between 

variable definition and empirical identification. 

2.3. Studies on Fund Heavy Holdings in the 

Chinese Market 

In China's A-share market, mutual fund heavy holdings 

have long attracted considerable attention, and concentrated 

allocation in core assets together with style co-movement has 

become increasingly prominent [1-5]. 
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Existing China-focused studies have discussed the return, 

risk, and stability consequences of fund holdings, but direct 

and systematic evidence on how mutual fund crowding in 

disclosed top holdings affects stock price efficiency remains 

limited [3-5, 12-15]. 

Against this background, this paper directly links heavy-

holding crowding to stock price efficiency in the institutional 

setting of China's A-share market. 

2.4. Literature Assessment and Research Entry 

Point 

Therefore, the identifiable concept of mutual fund 

crowding in disclosed top holdings provides a useful entry 

point for re-examining the relationship between institutional 

investors and price efficiency. The entry point of this paper is 

not a broad and weakly observable notion of institutional 

concentration, but a disclosure-based measure that records 

whether multiple funds simultaneously place the same stock 

among their top-ten holdings. Compared with broader 

concepts such as herding or common ownership, this measure 

is directly observable from public disclosures, matches the 

frequency of the available sample, and can be linked more 

cleanly to subsequent stock-level price-efficiency outcomes. 

This is why disclosed top-holdings crowding serves as the 

core identification entry point of the paper. 

2.5. Research Hypotheses 

Based on the preceding literature, fund crowding may 

either improve price efficiency or weaken it through crowded 

trading and liquidity frictions [3, 4, 8-13, 15]. 

2.5.1. Mutual Fund Crowding in Disclosed Top Holdings 

Significantly Affects Stock Price Efficiency  

More specifically, fund crowding may affect the speed with 

which prices absorb information by changing trading 

structure and liquidity conditions. 

2.5.2. Mutual Fund Crowding in Disclosed Top Holdings 

May Affect Stock Price Efficiency Through 

Liquidity-Related Channels 

At the current stage, this paper mainly uses Turnover and 

Illiquidity to test whether this channel exists. 

At the same time, the effect of fund crowding is likely to 

be constrained by firm size, baseline liquidity conditions, and 

the volatility environment. 

2.5.3. The Effect of Mutual Fund Crowding in Disclosed 

Top Holdings on Stock Price Efficiency Is 

Significantly Heterogeneous 

This proposition is tested in the subsequent subgroup 

regressions. 

2.6. Summary of This Chapter 

This chapter reviews the literature on institutional investors, 

crowded positions, and fund heavy holdings in the Chinese 

market, and accordingly develops three sets of hypotheses on 

the main effect, mechanism, and heterogeneity. 

3. Research Design and Variable 
Definitions 

3.1. Research Logic and Empirical Framework 

This paper focuses on whether fund crowding affects stock 

price efficiency and whether this effect operates through 

liquidity-related channels. 

Empirically, the paper constructs a stock-quarter fund 

crowding indicator and develops the analysis through 

baseline regressions, mechanism tests, heterogeneity analysis, 

and robustness checks. 

3.2. Sample Selection and Data Sources 

This paper uses Chinese A-share listed firms as the sample. 

Fund disclosure data, daily trading data, market returns, and 

financial data are all drawn from the CSMAR database. 

In sample processing, the paper keeps non-financial A-

share firms, excludes ST, *ST, PT, and abnormal-trading 

observations, drops observations with missing key variables, 

and aligns financial definitions as much as possible. 

Because the disclosure data cover only the March 31 

quarter of each year, the formal regression sample is a Q1 

disclosure-based panel from 2011-03-31 to 2023-03-31, 

containing 38,536 stock-quarter observations. 

3.3. Variable Definitions 

The following subsection briefly explains the core variable 

definitions, and the corresponding formulas are shown in the 

text. 

3.3.1. Dependent Variable: Stock Price Efficiency  

Stock price efficiency reflects the speed and adequacy with 

which prices absorb information. This paper mainly focuses 

on the speed with which new information is incorporated into 

prices [6, 7]. 

This paper adopts PriceDelay proposed by Hou and 

Moskowitz (2005) as the main measure [16]. If stock returns 

are mainly explained by contemporaneous market and 

industry returns, information enters prices relatively quickly; 

otherwise, the response is more delayed. 

Specifically, at each quarter-end t, this paper estimates the 

following two models using daily return data over the 

previous 365 calendar days: 

Model 1: Restricted model 

𝑅𝑖 ,𝑑 = 𝛼𝑖 + 𝛽1𝑅𝑑
𝑚 + 𝛽2𝑅𝑑

𝑖𝑛𝑑 + 𝜖𝑖 ,𝑑        (3-1) 

Model 2: Full model 

𝑅𝑖 ,𝑑 = 𝛼𝑖 + 𝛽1𝑅𝑑
𝑚 + 𝛽2𝑅𝑑

𝑖𝑛𝑑 + ∑ 𝛾𝑘
4
𝑘=1 𝑅𝑑−𝑘

𝑚 +
∑ 𝛿𝑘
4
𝑘=1 𝑅𝑑−𝑘

𝑖𝑛𝑑 + 𝜖𝑖 ,𝑑  (3-2) 

Definition of PriceDelay 

PriceDelay𝑖 ,𝑡 = 1 −
𝑅restricted,𝑖,𝑡
2

𝑅full,𝑖,𝑡
2         (3-3) 

PriceDelay𝑤 = Winsorize1%,99%(PriceDelay)   (3-4) 

The larger the difference in goodness of fit between the 

restricted and full models, the stronger the explanatory power 

of lagged information for current returns, the higher the 

PriceDelay, and the lower the stock price efficiency. 

Accordingly, the subsequent empirical analysis mainly 

relies on the regression results for PriceDelay. 

For robustness, this paper further uses SYNCH as a 

supplementary measure [17, 18]. However, the core judgment 

throughout the paper remains based on PriceDelay. 

Based on the goodness of fit of the full model, this paper 

further constructs SYNCH as a supplementary indicator as 

follows: 

SYNCH𝑖 ,𝑡 = ln(
𝑅full,𝑖,𝑡
2

1−𝑅full,𝑖,𝑡
2 )           (3-5) 

SYNCH𝑤 = Winsorize1%,99%(SYNCH)      (3-6) 
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SYNCH is essentially a log-odds transformation of the 

goodness of fit of the full model. 

3.3.2. Main Explanatory Variable: Mutual Fund 

Crowding in Disclosed Top Holdings 

The main explanatory variable in this paper is the intensity 

of mutual fund crowding in disclosed top holdings, namely 

the concentrated allocation phenomenon formed when 

multiple funds simultaneously place the same stock among 

their top-ten holdings within the same disclosure period [3-5, 

10, 11, 14]. 

In terms of construction, the paper first counts how many 

times each stock appears in funds' top-ten holdings within the 

same disclosure period to obtain Top10Crowding_Count, and 

then constructs the log-transformed indicator 

Top10Crowding_Ln1p_w as the core explanatory variable. 

Accordingly, this paper formalizes the intensity of mutual 

fund crowding in disclosed top holdings as follows:  

Top10Crowding_Count
𝑖,𝑡
= ∑ 𝐼(𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑓 ,𝑖,𝑡 = 1)𝑓   (3-7) 

Top10Crowding_Ln1p
𝑖,𝑡
= ln(1 +

Top10Crowding_Count
𝑖,𝑡
) (3-8) 

Top10Crowding_Ln1p
𝑤
=

𝑊𝑖𝑛𝑠𝑜𝑟𝑖𝑧𝑒(1%,99%)(Top10Crowding_Ln1p)  (3-9) 

A higher value of this indicator means that the same stock 

is jointly listed as a heavy holding by more funds, implying 

stronger disclosure-based crowding. 

3.3.3. Control Variables 

The baseline regressions control for firm size, leverage, 

return on assets, turnover, volatility, past return, and illiquidity. 

Among them, Size_MV_w, Leverage_w, and ROA_w 

capture firm fundamentals, whereas Turnover_w, Volatility_w, 

PastReturn_w, and Illiquidity_w capture trading activity, risk, 

and liquidity conditions. 

Accordingly, the formulas for the main control variables 

can be written as follows: 

𝑆𝑖𝑧𝑒_𝑀𝑉𝑖 ,𝑡 = ln(𝑇𝑜𝑡𝑎𝑙𝑀𝑉_𝑌𝑢𝑎𝑛_𝑞𝑒𝑖 ,𝑡) =

ln(𝐷𝑠𝑚𝑣𝑡𝑙𝑙 _𝑙𝑎𝑠𝑡𝑖 ,𝑡 × 1000)   (3-10) 

𝐿𝑒𝑣𝑒𝑟𝑎𝑔𝑒𝑖 ,𝑡 =
𝑇𝑜𝑡𝑎𝑙𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠𝑖 ,𝑡

𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠𝑖 ,𝑡
          (3-11) 

𝑅𝑂𝐴𝑖 ,𝑡 =
𝑁𝑒𝑡𝑃𝑟𝑜𝑓𝑖𝑡 _𝐹𝑜𝑟𝑅𝑂𝐴𝑖 ,𝑡

𝑇𝑜𝑡𝑎𝑙𝐴𝑠𝑠𝑒𝑡𝑠𝑖 ,𝑡
           (3-12) 

𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟𝑖 ,𝑡 =
1

𝑁𝑖,𝑡

∑ (
𝐷𝑛𝑣𝑎𝑙𝑡𝑟𝑑𝑖 ,𝑑

𝐷𝑠𝑚𝑣𝑜𝑠𝑑𝑖 ,𝑑×1000
)𝑑∈𝑡      (3-13) 

𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦𝑖 ,𝑡 = 𝑠𝑑(𝐷𝑟𝑒𝑡𝑤𝑑𝑖 ,𝑑), 𝑑 ∈ 𝑡      (3-14) 

𝑃𝑎𝑠𝑡𝑅𝑒𝑡𝑢𝑟𝑛𝑖 ,𝑡 = 𝑒𝑥𝑝(∑ ln(1 + 𝐷𝑟𝑒𝑡𝑤𝑑𝑖 ,𝑑)𝑑∈𝑡 ) − 1 (3-15) 

𝐼𝑙𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦𝑖 ,𝑡 =
1

𝑁𝑖,𝑡

∑ (
106×|𝐷𝑟𝑒𝑡𝑤𝑑𝑖 ,𝑑|

𝐷𝑛𝑣𝑎𝑙𝑡𝑟𝑑𝑖 ,𝑑
)𝑑∈𝑡       (3-16) 

𝑋𝑤 = 𝑊𝑖𝑛𝑠𝑜𝑟𝑖𝑧𝑒1%,99%(𝑋)          (3-17) 

Unless otherwise stated, all continuous variables used in 

the formal regressions are winsorized at the 1% and 99% 

levels. 

3.3.4. Mechanism Variables and Heterogeneity Grouping 

Variables 

In the mechanism analysis, this paper mainly examines the 

two liquidity-related variables Turnover_w and Illiquidity_w. 

The heterogeneity analysis groups stocks by the medians of 

Size_MV_w, Illiquidity_w, and Volatility_w. 

3.4. Baseline Regression Model 

To test the relationship between mutual fund crowding in 

disclosed top holdings and stock price efficiency, this paper 

specifies the following baseline regression model:  

𝑃𝑟𝑖𝑐𝑒𝐷𝑒𝑙𝑎𝑦𝑖 ,𝑡 = 𝛼 + 𝛽 𝐶𝑟𝑜𝑤𝑑𝑖𝑛𝑔𝑖 ,𝑡 + 𝜸′𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 ,𝑡 +

𝑌𝑒𝑎𝑟𝐹𝐸𝑡 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝐸𝑗 + 𝜀𝑖 ,𝑡  (3-18) 

Here, Crowding denotes the intensity of fund crowding and 

Controls denotes the set of control variables. The model 

includes year fixed effects and industry fixed effects, and 

standard errors are clustered at the stock level. 

Specifically, M1 includes only fixed effects, M2 adds firm 

characteristic variables, and M3 further adds trading-behavior 

and market-microstructure variables and is treated as the main 

specification. 

3.5. Mechanism Test Design 

The mechanism analysis adopts a two-step approach: it first 

tests whether fund crowding significantly affects the 

candidate mechanism variables, and then includes the 

mechanism variables in the baseline regression to examine the 

change in the coefficient on the main explanatory variable. 

Step 1: test whether fund crowding significantly affects the 

candidate mechanism variable: 

𝑀𝑒𝑐ℎ𝑎𝑛𝑖𝑠𝑚𝑖 ,𝑡 = 𝛼 + 𝛽 𝐶𝑟𝑜𝑤𝑑𝑖𝑛𝑔𝑖 ,𝑡 + 𝜸′𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 ,𝑡 +

𝑌𝑒𝑎𝑟𝐹𝐸𝑡 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝐸𝑗 + 𝜀𝑖 ,𝑡  (3-19) 

Step 2: include the corresponding mechanism variable in 

the baseline regression and examine both the change in the 

fund crowding coefficient and the significance of the 

mechanism variable itself: 

𝑃𝑟𝑖𝑐𝑒𝐷𝑒𝑙𝑎𝑦𝑖 ,𝑡 = 𝛼 + 𝛽 𝐶𝑟𝑜𝑤𝑑𝑖𝑛𝑔𝑖 ,𝑡 + 𝛿 𝑀𝑒𝑐ℎ𝑎𝑛𝑖𝑠𝑚𝑖 ,𝑡 +

𝜸′𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖 ,𝑡 + 𝑌𝑒𝑎𝑟𝐹𝐸𝑡 + 𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐹𝐸𝑗 + 𝜀𝑖,𝑡   (3-20) 

If fund crowding significantly affects the mechanism 

variable and the coefficient on the main explanatory variable 

shrinks noticeably after the mechanism variable is added, the 

variable is treated as providing partial mechanism evidence. 

3.6. Heterogeneity Test Design 

The heterogeneity analysis groups the sample by the 

medians of firm size, illiquidity, and return volatility, and then 

estimates the baseline model separately in the high and low 

subsamples to identify conditional differences in the effect of 

fund crowding. 

3.7. Robustness Test Design 

The robustness analysis has two layers: replacing variable 

definitions, and deleting extremely crowded observations 

while adjusting the fixed-effects specification. 

3.8. Summary of This Chapter 

This chapter establishes the basic framework for the 

subsequent empirical analysis, taking mutual fund crowding 

in disclosed top holdings as the core explanatory variable and 

PriceDelay as the main dependent variable. 

4. Empirical Results 

4.1. Sample Description 

After data cleaning and variable construction, this paper 
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obtains a final sample of 38,536 stock-quarter observations 

covering 4,871 A-share stocks. The sample is essentially an 

annual Q1 disclosure-based panel from 2011-03-31 to 2023-

03-31. 

Before the formal regressions, all continuous variables are 

winsorized at the 1% and 99% levels. The main explanatory 

variable is Top10Crowding_Ln1p_w, the main dependent 

variable is PriceDelay_w, and the supplementary indicator is 

SYNCH_w. 

4.2. Descriptive Statistics 

Table 1 shows substantial cross-sectional variation in the 

intensity of mutual fund crowding, price delay, and stock 

price synchronicity, providing the necessary data basis for the 

subsequent regressions. 

 

Table 1. Descriptive Statistics of Main Variables 

 

Note: This table reports descriptive statistics for the main 

variables in the formal regression sample. Continuous 

variables are winsorized at the 1% and 99% levels. 

4.3. Correlation Analysis 

Table 2 shows that Top10Crowding_Ln1p_w is negatively 

correlated with PriceDelay_w and positively correlated with 

SYNCH_w, preliminarily suggesting that stronger fund 

crowding may be associated with more timely stock price 

responses. 

 

Table 2. Correlation Matrix of Main Variables 

 

Note: This table reports Pearson correlations among the main variables in the formal regression sample. Continuous 
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variables are winsorized at the 1% and 99% levels. 

4.4. Baseline Regression Results 

Table 3 reports the baseline regression results. In M1, M2, 

and M3, the coefficient on Top10Crowding_Ln1p_w is 

significantly negative, indicating that stronger fund crowding 

is significantly associated with lower price delay. 

After controlling for firm characteristics, trading behavior, 

and market-microstructure variables, the negative 

relationship remains robust. 

M3 is treated as the main specification and supports the 

core conclusion that fund crowding is associated with higher 

stock price efficiency [16]. 

Among the control variables, turnover, volatility, and 

illiquidity all have significantly positive coefficients, 

suggesting that trading frictions and noise may weaken the 

speed at which information enters prices [16]. 

 

Table 3. Baseline Regression Results 

 

Note: This table reports the baseline regression results. The 

dependent variable is PriceDelay_w. All models include year 

fixed effects and industry fixed effects. 

4.5. Robustness Test Results 

Table 4 shows that the core conclusion does not change 

materially after replacing the dependent variable, changing 

the definition of the main explanatory variable, and returning 

to the unwinsorized sample [17, 18]. 

This indicates that the baseline conclusion is not driven by 

a particular variable form or by the treatment of extreme 

values. 
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Table 4. Robustness Test Results 

 

Note: This table reports the first layer of robustness test 

results. R1 replaces the dependent variable with SYNCH_w, 

R2 replaces the main explanatory variable with 

Top10Crowding_Count, and R3 uses the unwinsorized 

sample and unwinsorized variables. 

4.6. Mechanism Test Results 

Table 5 reports the mechanism test results. Fund crowding 

significantly reduces turnover. After Turnover_w is included 

in the main regression, the absolute value of the fund 

crowding coefficient shrinks noticeably, suggesting that the 

turnover channel receives support. 

This result is more naturally interpreted as follows: 

concentrated fund holdings stabilize trading structure to some 

extent and reduce short-term noise [9, 11]. 

When Illiquidity_w is used as the mechanism variable, 

fund crowding significantly increases illiquidity, but after it is 

added to the main regression, the absolute value of the main 

coefficient instead becomes larger, indicating that this 

channel is closer to a complex channel or suppressor effect. 

Therefore, the current evidence provides stronger support 

for a "trading-structure stabilization" mechanism than for an 

"illiquidity improvement" mechanism [15]. 
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Table 5. Mechanism Test Results 

 

Note: This table reports the mechanism test results. ME2 

and ME4 use the candidate mechanism variables as dependent 

variables, whereas ME1, ME3, and ME5 use PriceDelay_w 

as the dependent variable. 

4.7. Heterogeneity Test Results 

Table 6 shows that the price-efficiency-improving effect of 

fund crowding is mainly concentrated in large-cap, low-

illiquidity, and high-volatility stocks; in the high-illiquidity 

group, the effect does not hold. 

 

Table 6. Heterogeneity Test Results 

 

Note: This table reports the heterogeneity test results. The 

sample is grouped by the medians of firm size, illiquidity, and 

return volatility. All models include year fixed effects and 

industry fixed effects. 

4.8. Second-Layer Robustness Test Results 

Table 7 further shows that after deleting extremely crowded 

observations and adjusting the fixed-effects specification, the 
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negative relationship between fund crowding and lower PriceDelay remains stable. 

 

Table 7. Additional Robustness Test Results 

 

Note: This table reports the second layer of robustness test 

results. SR1 shows the results after deleting extremely 

crowded observations, SR2 reports the results with only year 

fixed effects, and SR3 adopts a broad-industry fixed-effects 

definition. 

5. Conclusion and Implications 

Taken together, the results in Sections 4.4 to 4.8 provide 

relatively stable evidence within the current Q1 disclosure-

based sample: fund crowding is significantly associated with 

lower price delay, and the robustness, mechanism, and 

heterogeneity analyses broadly support this conclusion. This 

evidence should nevertheless be interpreted within a clear 

sample boundary, because the relationship identified here is 

between Q1 disclosure-based crowding in mutual fund heavy 

holdings and stock price efficiency. Against this background, 

this section summarizes the main findings and implications of 

the paper. 

First, the main-effect results show that mutual fund 

crowding in disclosed top holdings is significantly associated 

with higher stock price efficiency, specifically in the sense 

that stronger crowding corresponds to lower PriceDelay [8, 9, 

12, 13, 16]. 

Second, the robustness tests show that the basic 

relationship between fund crowding and price efficiency 

remains stable after changing variable definitions, sample 

treatment, and fixed-effects settings [16-18]. 

Third, the mechanism tests indicate that the turnover 

channel receives relatively clear support, whereas illiquidity 

is closer to a complex channel or suppressor effect [9, 11, 15]. 

Fourth, the heterogeneity results show that the price-

efficiency-improving effect of fund crowding is mainly 

concentrated in large-cap, low-illiquidity, and high-volatility 

stocks [8, 9]. 

Based on the above findings, this paper argues that 

concentrated institutional allocation does not necessarily 

imply a deterioration in efficiency, and "crowding" should not 

be mechanically equated with "pricing failure." 

This study also has clear limitations: the sample covers 

only a Q1 disclosure-based panel, and mechanism 

identification is still mainly concentrated in the liquidity 

dimension. 

Future research may supplement fund disclosure data for 

other quarters and strengthen causal identification by 

combining institutional changes or exogenous shocks. 

Overall, the evidence in this paper shows that within the 

current sample range, mutual fund crowding in disclosed top 

holdings does not weaken stock price efficiency; instead, it is 

more likely to be associated with faster price adjustment [6-

9]. 
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