Analyzing the Extent to Which Mutual Funds Predicted
the Stock Market Crash of 2015 in China
by

Rohil Bhatnagar

An honors thesis submitted in partial fulfillment
of the requirements for the degree of
Bachelor of Science
Undergraduate College
Leonard N. Stern School of Business
New York University
May 2017

Professor Marti G. Subrahmanyam

Professor Robert F. Whitelaw

Faculty Adviser

Thesis Adviser

1
Abstract
In this paper, we explore mutual funds in China and their ability to predict the stock
market crash of June 2015 in China. We analyze whether mutual funds could predict relative
performance across stocks. In other words, we research whether mutual funds could identify
stocks that were going to do poorly in the future and reduce their holdings in them before the
crash. First, we explain the holdings data we obtain and how we transform it to fit our research
criteria. Then we construct plots for a few stocks showing the aggregate equity held in each stock
by all mutual funds in China. Next, we explain the original regression model, which regresses the
change in equity holdings over the contemporaneous and next quarter returns. We walk through
some interesting observations in the descriptive statistics and analyze the regression results for
the original regression model. Then we expand the specification of the original regression model
to create a lagged regression model. We decompose quarterly returns to monthly returns to create
a monthly regression model and analyze the findings. Lastly, we try to explain holdings in a level
regression model which regresses the level of holdings, rather than the change, over several
factors.
We discovered that mutual funds are momentum traders in China. That is, the
contemporaneous month and quarter returns are statistically significant in predicting change in
equity holdings. Moreover, we found that mutual funds will increase level holdings in a stock if:
• Its total market capitalization increases
• Its tradable market capitalization increases
• It has a high return over the previous quarter
• It is listed on the Shenzhen Stock Exchange
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1. Introduction
From June 2014 to June 2015, the Chinese Shanghai Composite Index (SHCOMP) and
Shenzhen Composite Index (SZCOMP) saw explosive growth. On June 6, 2014, at the start of
the run-up, the Shanghai Composite closed at 2,030 and the Shenzhen at 1,056. On June 12,
2015, the Shanghai closed at 5,166 and the Shenzhen at 3,141, increases of 155% and 197%,
respectively. This was the turning point of the rise, and the proverbial “bubble” popped after this
peak. The time series plots of the SHCOMP and SZCOMP Indexes are in Tables A and B in the
Appendix. There were several market participants before, during, and after the bubble formation.
Among the participants were mutual funds. In this paper, I analyze the extent to which mutual
funds could predict the stock market crash of June 2015.
The Chinese stock market is interesting for a number of reasons. First of all, the Chinese
government is a huge market participant. It has heavy control over the Initial Public Offering
(IPO) market by restricting the number of firms that can go public. Other ways the government
can influence the market include halting the trading of securities if their prices move by 10%,
enforcing one-day minimum holding periods, giving special status to distressed companies, and
at times directly intervening in the market. In addition, the government can restrict short sales
and change margin requirements.1
Another reason the Chinese stock market is unique is that there is a substantial portion of
the market that is non-tradable. In 1990, when the modern Chinese stock market was formed,
non-tradable shares made up approximately two thirds of total market shares. The Split-Share
Structure Reform of 2005 opened many of those non-tradable shares for trading, and now only
about 25% of total shares in the Chinese stock market are non-tradable.1 Hong, Scheinkman, and
Carpenter, Jennifer N., and Robert F. Whitelaw. "The Development of China’s Stock Market and Stakes
for the Global Economy." (2016)
1
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Xiong2 analyze the relationship between asset float and speculative bubbles. They conclude that
the potential size of an asset bubble increases when the asset float diminishes and overconfidence
increases. The non-tradable shares in China not only allow the government to have a stronger
influence on the market, but also substantially limit the asset float. This makes the market ripe
for speculation and formation of a bubble, as occurred in 2015.
A third unique factor of the Chinese market is the dominance of retail investors. Retail
investors hold 58% of the market in China and account for 80% of trading volume1, making
them larger market participants than institutional investors. If there is a trend among retail
investors, it will have a significant effect on the Chinese stock market as a whole.
The term “bubble” is often overused and can lead to some confusion, so it is worth
defining it in more formal terms. Gurkaynak3 defines asset bubbles as phenomena wherein
investors collectively pay more for an asset than the asset’s fundamental value. Scheinkman and
Xiong4 further define asset bubbles as a divergence of opinions that is generated by
overconfidence investors have in the informativeness of their signals. The more overconfident
market participants are, the larger a bubble can potentially become. In fact, there is evidence to
suggest the Chinese bubble itself was not based on fundamentals. Song5 concludes that while
China’s stock market is sensitive to economic conditions in normal periods, during the bull
market from May 2014 to June 2015, fundamentals did not justify the explosive growth. Thus,
Song characterizes the growth and subsequent during this period as a “speculative bubble”.

2

Hong, Harrison, Jose Scheinkman, and Wei Xiong. "Asset Float and Speculative Bubbles." The Journal
of Finance 61.3 (2006): 1073-117.
3
Gurkaynak, Refet S. "Econometric Tests Of Asset Price Bubbles: Taking Stock." Journal of Economic
Surveys 22.1 (2008): 166-86.
4
Scheinkman, Jose, and Wei Xiong. "Overconfidence and Speculative Bubbles." Journal of Political
Economy 111.6 (2003): 1183-220.
5
Song, Guoxiang. "The Drivers of the Great Bull Stock Market of 2015 in China: Evidence and Policy
Implications." SSRN Electronic Journal (2015)
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Furthermore, the societal context under which the rise and subsequent crash occurred
would also confirm this view of the bubble as speculative. The rise was caused by demand from
retail investors, particularly households. Over the past several years, Chinese investors saw a rise
in their household income and put a lot of it into real estate. Once the real estate markets became
saturated, they put their money into the stock market, largely with encouragement from the
Chinese government. This pumping in of money was largely irrational and not based on
fundamentals. Thus, it is conceivable that skilled rational investors could have seen this irrational
growth and predicted the crash.
There has been some research on the ability of certain market participants to predict stock
market crashes. Brunnermeier and Nagel6 concluded that hedge funds were very skilled at
picking technology stocks and at timing when to reduce their technology positions in the Dot
Com bubble. Their research suggests that the efficient markets notion that rational market
participants, like hedge funds, stabilize bubbles is not necessarily correct. Instead, they show that
rational market participants with exceptional stock-picking and market-timing abilities may ride
the bubble until the burst, thus capturing much of the upside while limiting their downside.
Brunnermeier and Nagel’s approach involved analyzing the investment holdings of hedge fund
managers and inspired this paper’s approach of analyzing mutual fund investment holdings in
China.
Mutual funds are particularly interesting to analyze in the context of the Chinese stock
market crash. For one, many mutual funds have short-sale constraints. There has been some
research studying the effects of short-sale constraints on the investment decisions of market

6

Brunnermeier, Markus K., and Stefan Nagel. "Hedge Funds and the Technology Bubble." The Journal
of Finance 59.5 (2004): 2013-040.
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participants, particularly in the context of the Dot Com bubble. Ofek and Richardson7 show that
stocks have an upward bias when there are short-sale constraints imposed on market participants.
Those restricted market participants are unable to express negative views through short-selling,
so they do not participate in the market when they want to express those negative views.
However, they do participate when they have positive views about a stock by buying and raising
share prices. Therefore, prices get bid up and help contribute to bubble formations.
Furthermore, mutual funds can be considered sophisticated market participants, in that
they would presumably know more about investing than the average household or retail investor.
If mutual funds have above average market-timing and stock-selection abilities, then they would
fall under the same category as hedge funds in Brunnermeier and Nagel’s research, which would
suggest they would ride the bubble.
The key methodology behind my research is analyzing portfolio holdings. As I discuss in
greater detail in the next section, I test my hypothesis by closely analyzing changes in Chinese
mutual funds’ equity holdings before, during, and after the June 2015 crash. In much the same
way Brunnermeier and Nagel reached their conclusions about hedge funds by analyzing hedge
fund investments, I arrive at my conclusions by analyzing mutual fund’s holdings in Chinese
equities.
2. Hypothesis and Data Collection
This paper tests one central hypothesis: that mutual funds were able to predict the stock
market crash of 2015. The hypothesis suggests that mutual funds could predict relative

7

Ofek, Eli, and Matthew Richardson. "DotCom Mania: The Rise and Fall of Internet Stock Prices." The
Journal of Finance 58.3 (2003)
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performance across stocks. In other words, it suggests that mutual funds could identify stocks
that were going to do poorly in the future and reduce their holdings in them before the crash.
To test the hypothesis, I analyzed mutual fund holdings before, during, and after the
crash. I obtained mutual fund holding data from CSMAR or the China Stock Market &
Accounting Research database. I had access to CSMAR through WRDS, or the Wharton
Research Data Services, courtesy of the NYU Stern Honors Research Program. CSMAR
provides information across Chinese financial data, funds market research, trading data, and
other areas. Within the ‘funds market research’ database in CSMAR is a data set called “Stock
Investment Details”. “Stock Investment Details” provides data on the individual stocks in
Chinese mutual funds. I analyzed data from January 1, 2014 to the end of CSMAR’s dataset,
December 3, 2015.
The data could be naturally segmented into two types: quarterly and semi-annual.
Quarterly data shows the top ten holdings of each mutual fund for each quarter while semiannual shows all of the mutual fund’s public equity holdings but only as of June 30 and
December 31 of each calendar year. I only chose to analyze quarterly data, which are report
types 1, 2, 3, and 4, because it was the highest frequency data I had access to. Although semiannual data gave more detail into the holdings, it was not high enough frequency for me to draw
any real conclusions from it. The elements available in the original dataset include:
•

FundID

•

Stock Name and Symbol

•

Number of Shares Held

•

Market Value of Shares Held
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FundID refers to the identifier of the mutual fund and stock name and symbol refer to a specific
stock. Number of Shares Held is the number of shares held by the mutual fund with the given
FundID in the stock with the given name and symbol. Market Value of Shares Held is the market
value of those shares. In aggregate, the original dataset consisted of 2,026 distinct mutual funds
and 20,780 stocks across all mutual funds.
The original data showed me holdings information by mutual fund, but my thesis
question revolves around how mutual funds, as a whole, reacted around the formation and
eventual crash of the bubble. My thesis required me to get the total equity held by all mutual
funds in each stock, not a breakdown of holdings by mutual fund. Thus, I wrote several programs
in Java to sum all mutual funds’ “market value of shares held” for each stock. Of the original
20,780 stocks, only 2,495 were listed on the Shanghai or Shenzhen Stock Exchanges. Other
stocks in the original dataset included stocks of companies listed in the United States, Taiwan,
Japan, and other countries. I am only concerned with whether Chinese mutual funds could
predict the stock market crash in China, so I only included those 2,495 Chinese stocks when
transforming my dataset. Table 1 is a small subset of the original data while Table 2 shows a
small subset of the transformed data I used in my analysis.
Table 1: Original Data organized by Mutual Fund

The above table illustrates a very small subsection of the original data. ReportTypeID refers to
whether the data is quarterly or semi-annual. ReportTypeIDs of 1, 2, 3, or 4 represent each
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quarter, while 5 and 6 represent the first and second half of the year, respectively. The data is
organized by mutual fund and shows share count and market value invested in each stock for the
relevant period. For example, mutual fund 108426 held 4,517,120 shares in the stock Zhejiang
Dahua Technology (stock ID 2236) as of March 31, 2014. Those shares were worth
approximately ¥129.1 million.

Table 2: Transformed Data organized by Stock

The above table illustrates the transformed dataset which I use as the foundation of my research.
It contains aggregate mutual fund holdings across all the equities in my data sample. The
columns represent the “as of” dates. For example, all mutual funds combined held
approximately ¥21.7 billion in stock 600887 as of March 31, 2014.
After transforming the dataset, I have the data organized by stockID. Each row contains
the aggregate market value of equity held in that stock by all mutual funds in the dataset for each
quarter. I initially construct plots with this dataset but soon transform it again which I describe
under “Research Methodology”.
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My hypothesis suggests that mutual fund holdings in stocks that are going to relatively
underperform after the crash should decrease leading up to the stock market crash. If mutual
funds were perfect market-timers, then I would expect that their equity holdings in these stocks
would be high up to the day before the crash, at which point they would heavily reduce their
positions. Unfortunately, I do not have daily data, so I can only hypothesize on the quarterly
level. I initially construct bar-graphs to observe trends in stocks’ mutual fund holdings. However,
it is difficult to compare returns to changes in equity holdings using bar-graphs alone. Thus, I
later expand my research to include regression analysis.
The principal concern with the quarterly frequency of holdings is that I would not know
whether mutual funds sold off their equity positions before the crash or after it. For example, if
mutual funds sold off their positions in underperformers on June 11, 2015, the day before the
crash, then that would suggest my hypothesis is correct and that mutual funds are adept markettimers. If they sold it off after June 12, 2015, it would suggest mutual funds failed to market time
and were caught in the popping of the bubble. However, in both situations the holdings as of
June 30, 2015 would look the same. That is, they would appear to have less holdings in June 30
than they did in March 31. This is an inherent problem in the data that I acknowledge.
Later in the paper, I incorporate market value as well as monthly and quarterly returns of
each stock. I obtained the data for these fields from CSMAR, under “Trading Data”.
3. Research Methodology
I first construct a few bar-graphs to get a sense of whether there are trends in the market
value in the stock held by all mutual funds. As there are 2,495 stocks in the dataset, I only
include a small sample of the total dataset’s plots below.
Figure 1: Stocks with Decreasing Holdings
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Figure 1 illustrates the total tradable market value of each stock that is owned by all mutual
funds in the dataset. The y-axis of each plot is total market value owned by all mutual funds in
Chinese Yuan (¥). The x-axis is the “as-of” date. For example, a little over 2.00e10, or ¥20
billion, in stock 600887 was owned by all mutual funds as of March 31, 2014.

Figure 2: Stocks with Non-Decreasing Holdings
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Figure 2 illustrates the total tradable market value of each stock that is owned by all mutual
funds in the dataset. It is formatted in the same way as Figure 1. For example, a little less than
2.50e9, or ¥2.5 billion, in stock 600037 was owned by all mutual funds as of June 30, 2015.
Clearly, Figure 1 and Figure 2 illustrate very different trends. Each stock in Figure 1
shows at some point on or before June 30, 2015, a sharp drop off in equity held by mutual funds.
The precise timing of the mutual fund holdings drop, however, does not appear to be consistent
across all of the stocks. For example, mutual funds appeared to reduce their positions in stock
600887 after September 30, 2014, and maintained the low equity position from December 31,
2014 onwards. On the other hand, mutual funds appeared to increase their holdings in stock 2410
between December 31, 2014 and March 31, 2015. By June 30, 2015, their holdings sharply
decreased. The stocks in Figure 2 show very different trends. Holdings appear to increase
between March 31, 2015 and June 30, 2015. This suggests that during or after the crash, mutual
funds as a whole became more heavily invested in these stocks. It is hard to say whether in the
case of stocks 600037 and 2690 that mutual funds were victim to the bubble or that they were
value investors. It is plausible that these mutual funds were only slightly invested in these stocks
before the crash, but after the crash saw good investment opportunities in underpriced assets.
Observing a few bar graphs do little to provide concrete evidence upon which we can
draw conclusions. At this stage, it would be unreasonable to over-analyze each individual stock’s
bar graph. Instead, it is more helpful to observe whether trends like those in Figure 1 are more
common than those in Figure 2 or vice-versa. We can differentiate the plots in Figure 1 from the
plots in Figure 2 primarily by comparing the level of mutual fund holdings in March 31, 2015
and the level in June 30, 2015. Of the 2,495 stocks in the data set, 1,212, or 48.6%, have higher
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levels of mutual fund investment in the stock in June 30, 2015 than in March 31, 2015. This
roughly 50-50 split does little to help us identify a consistent trend across all stocks.
Although analyzing market value may prove helpful to a degree, the better factor to
analyze is percentage of total market capitalization held by all mutual funds. This is a better
proxy for mutual fund ownership than absolute market value because it takes into account
changes in the underlying market value of the stock itself. For example, if the share price of a
stock rises and the mutual fund makes no change to its holdings in the stock (i.e. it doesn’t buy
or sell any shares), then the mutual fund’s market value of equity held in the stock would also
increase (since market value is share price multiplied by the number of shares held). Therefore, it
would seem that the mutual fund made an active decision to increase its stake in the stock, when
in reality no such active decision was made. The percentage of total market capitalization,
however, would remain the same since the denominator, total market capitalization of the stock,
would increase proportional to the numerator, market value of equity held by all mutual funds in
the stock. After converting from market value held to percentage of total market capitalization
held by mutual funds, we see the following plots for the same stocks as above:
Figure 3: Decreasing Percentage of Total Market Cap held by all Mutual Funds
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Figure 3 illustrates the percentage of total tradable market value of each stock that is held by all
mutual funds in the dataset. The y-axis of each plot is percentage of total tradable market value
owned by all mutual funds. This is calculated as the market value held by all mutual funds
divided by total market cap of the stock. The x-axis is the “as-of” date. For example, around
32% of stock 600887 was owned by all mutual funds as of March 31, 2014.

Figure 4: Non-Decreasing Percentage of Total Market Cap held by all Mutual Funds
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Figure 4 illustrates the percentage of total tradable market value of each stock that is held by all
mutual funds in the dataset. It is formatted in the same way as Figure 3. For example, around
6.2% of stock 600037 was owned by all mutual funds as of June 30, 2015.
The new dataset with percentages held is Table C in the Appendix. Figures 3 and 4
indicate that we have the same ambiguity as we did with Figures 1 and 2. Of the 2,495 stocks in
the dataset, 1,030, or 41.3% have higher percentage held by mutual funds as of June 30, 2015
than as of March 31, 2015. The nearly 60-40 split does little to establish the existence of a trend.
Although helpful to get an initial observation, clearly a more rigorous statistical approach must
be applied.
4. Original Regression Model
The center of my research involves regression analysis. I run twelve separate regressions
from 2014Q2 to 2015Q3. In each regression, I organize my data the same way and run
regressions over the same types of data. The generalized regression equation is:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 = 𝛼 + 𝛽1 𝑟𝑖; 𝑡,𝑡+1 + 𝛽2 𝑟𝑖; 𝑡+1,𝑡+2
where:
•

i goes from 1 to N, where N is the number of stocks in the dataset

•

∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 = change in the percentage of a given stock i held by all mutual funds
between times t and t + 1, which are the beginning and end of a quarter, respectively

•

𝛼 = the y-intercept of the model

•

𝑟𝑖; 𝑡,𝑡+1 = return of the specific stock i between times t and t + 1

•

𝛽1 = coefficient for 𝑟𝑖; 𝑡,𝑡+1 . It indicates how much 𝑟𝑖; 𝑡,𝑡+1 and ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 move instep
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•

𝑟𝑖; 𝑡+1,𝑡+2 = return for the specific stock i between times t + 1 and t + 2, which are the
beginning and end of the next quarter, respectively

•

𝛽2 = coefficient for 𝑟𝑖; 𝑡+1,𝑡+2 . It indicates how much 𝑟𝑖; 𝑡+1,𝑡+2 and ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1
move in-step

In words, the regression tests whether the dependent variable, change in holdings for each stock
over a quarter, is significantly affected by the predictor variables, return of the stock in the
contemporaneous quarter and return of the stock in the following quarter. To illustrate this more
concretely, I walk through an example of how the regression for 2014Q2, or the second quarter
of 2014, is set up.
Table 3: 2014Q2 Regression Data Setup

The above table is a small subset of the data I use in my 2014Q2 regression. I have inserted it
here merely to demonstrate how the data is organized in each of the regressions. The holdings
are all zero in columns 2-4, which I address in section 4.1. Not all stocks have zeros for those
three columns.
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Table 3 shows how a small subset of my data is organized in the 2014Q2 regression analysis.
The column headers in Table 3 are defined as follows:
•

20140331: Percentage of the stock held by all mutual funds as of March 31, 2014

•

20140630: Percentage of the stock held by all mutual funds as of June 30, 2014

•

Change in Holdings: 20140630 Holdings – 20140331 Holdings

•

2014Q2: Return of the stock in the contemporaneous quarter (in this case 2014Q2 which
is between March 31 and June 30, 2014)

•

2014Q3: Return of the stock in the following quarter (in this case 2014Q3)

The regression equation for the 2014Q2 regression can be expressed as:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 20140331,20140630 = 𝛼 + 𝛽1 𝑟𝑖; 20140331,20140630 + 𝛽2 𝑟𝑖; 20140630,20140930
where:
•

∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 20140331,20140630 corresponds to the “Change in Holdings” column in Table
3

•

𝑟𝑖; 20140331,20140630 corresponds to the “2014Q2” column in Table 3

•

𝑟𝑖; 20140630,20140930 corresponds to the “2014Q3” column in Table 3

If 𝑟𝑖; 20140331,20140630 is significant in the regression output, that would suggest that mutual funds
are momentum traders, in the broad sense of the term “momentum”. That is, mutual funds, as a
whole, tend to increase their holdings in stocks when the stock is performing well and they
decrease their holdings in stocks when the stock is performing poorly. Although this is not the
core of the hypothesis, it can be insightful in helping us understand how mutual funds decide
which stocks to invest in.
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Of course, one issue with interpreting momentum in this way is the rather long time span
of a quarter. When momentum is defined over a period as long as a quarter, some issues can
come into play. For example, imagine the following two stocks:
Figure 5: Hypothetical Stock Returns
Month 1

Month 2

Month 3

Aggregate

Stock 1

Up 10%

Up 10%

Down 40%

Down 27.4%

Stock 2

Down 10%

Down 10%

Up 40%

Up 13.4%

The two stocks follow the above two return paths over the same period. Imagine that a
momentum-investor, i.e. an investor who invests in stocks that are going up, sees the positive
returns of stock 1 in the first two months and invests in stock 1 at the end of month 2. In the first
two months it does well, but by the end of month 3, that stock is effectively down 27.4% from
the beginning of month 1. Using this momentum framework on a quarterly basis, that investor
would not appear to use contemporaneous return as his principal driver for investing, even
though in reality he does. On the other hand, imagine an investor who does not use momentum
as a driver but some other criteria, such as distressed status. This investor sees stock 2 is doing
poorly in the first two months and invests at the end of month 2 thinking it is a cheap buying
opportunity. In the first two months it does poorly, but by the end of the quarter, that stock is
effectively up 13.4% from the beginning of month 1. Thus, the investor would appear to use
momentum as a principal driver of investing even though in reality he does not. This can
continue to break down if we were to go into daily returns as opposed to monthly. I acknowledge
that this is a limitation of having only quarterly data.
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If 𝑟𝑖; 20140630,20140930 , or in the generalized case 𝑟𝑖; 𝑡+1,𝑡+2, is significant in the regression
output, then it would suggest that mutual funds do have predictive ability. In other words, if
𝑟𝑖; 𝑡+1,𝑡+2 is significant, it reflects two features of mutual funds:
1. They are accurate at predicting a stock’s return in the following quarter
2. They change their portfolio holdings based upon what they forecast to be that stock’s
return in the next quarter
This is, in some sense, a stronger version of the hypothesis. It is stronger in that the hypothesis
does not necessarily propose that the generalized predictor variable 𝑟𝑖; 𝑡+1,𝑡+2 should be
significant every period. Instead, it suggests that if mutual funds were able to predict the crash of
June 2015, then 𝑟𝑖; 𝑡+1,𝑡+2 should be significant for the quarter that preceded the crash. If mutual
funds had predictive ability in that period, it may very well be true that they had predictive
ability in every quarter in my data sample, but it is not required to be true for my hypothesis to
be correct.
An issue with using the statistical significance of 𝑟𝑖; 𝑡+1,𝑡+2 as a means of testing the
hypothesis is that the frequency of the data is quarterly. The crash itself started on June 13, 2015.
The fall continued until September 30, 2015, then the market picked back up for a while, then
fell again to a low of 2,737.60 on January 29. Quarter 2 of 2015, between March 31, 2015 and
June 30, 2015, includes the high return period of March 31, 2015 up to June 12, 2015, but it also
includes the crash and part of the consecutively negatively returning period from June 13, 2015
to June 30, 2015. The first quarter with all negative returns is Quarter 3 of 2015. This of course
raises the issue – what quarter are we suggesting mutual funds could “predict”? I discuss this in
greater detail when I discuss the descriptive statistics in section 4.2.
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Before including the descriptive statistics and regression results, I find it important to
clarify the different ways I treat zero and non-zero holdings in my analysis.

4. 1. Zero vs Non-Zero Holdings
In general, the stocks in my dataset can be divided into three types: Incomplete, Zero, and
Non-Zero. “Complete” stocks means that CSMAR has data for the following three criteria:
1. The percentage of that stock held by mutual funds in each of the two dates relevant to
that quarter (beginning and end)
2. Return data for that quarter
3. Return data for the following quarter
If any of the above criteria is missing for a given stock for a given quarter, that stock is
considered “incomplete” and is not included in the regression for that quarter. Within “complete”
stocks are zero and non-zero stocks.
“Zero stocks” mean stocks that have zero percent equity held by all mutual funds at the
beginning and end of the quarter. “Non-zero”, therefore, means that at least one date (beginning
and/or end of the quarter) has non-zero holdings by all mutual funds. “Zero stocks” can be
viewed either as important or unimportant in the context of mutual fund analysis. An argument
could be made that “zero stocks” can be viewed as an active decision by the mutual fund to not
invest in the stock. On the other hand, an argument could also be made that “zero stocks” are
unimportant. They may simply have zero holdings in them because they are not in the investment
universe of Chinese mutual funds. For example, mutual funds may screen companies by market
capitalization, and these “zero stocks” may simply be too small for consideration.
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I conduct two separate regressions for each quarter – one for all the stocks that are
“complete” and another for only stocks that are “non-zero”. I go into more detail in section 5,
“Original Regression Results”. In the descriptive statistics, I separate my dataset using this zero
vs non-zero distinction.

4. 2. Descriptive Statistics of Original Regression Data
This section summarizes the descriptive statistics of the data I use in my regression. As
mentioned in the previous section, all of the data used in the regression is “complete”.

Table 4: Descriptive Statistics

Table 4 is divided into three sections (left-most column): All Stocks, Non-zero holding either
start or end, or Zero holdings at both start and end. All stocks mean “all complete stocks”,
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including both zero and non-zero holding stocks. Non-zero holding stocks and zero holding
stocks are as defined in the previous section. Then, within each of the three sections, I provide
descriptive statistics including number of stocks, contemporaneous return, and next quarter
return. For “all stocks” and “non-zero holdings”, I also include descriptive statistics for the
percentage held by all mutual funds in the beginning and end, as well as the change.
To illustrate how the table is organized, this paragraph will explain how some of the
values should be interpreted. Looking at column 2014Q2, there are 1,912 stocks in the “all
stocks” sample. In other words, there are 1,912 complete stocks, including both zero and nonzero holding stocks. The mean percentage held by all mutual funds in those 1,912 stocks in the
beginning of 2014Q2 was 2.10% with a standard deviation of 4.94%. The average return of these
1,912 stocks in the contemporaneous quarter (i.e. 2014Q2) was 5.68% with a standard deviation
of 14.90%. Going to the next section, “Non-zero holding either start or end”, this is a subset of
the stocks in the “All Stocks” that have some positive holdings value for either the beginning or
the end of the quarter. For 2014Q2, there are 1,086 stocks that meet this criteria. The rest of the
“Non-zero holding either start or end” follows the same format as the earlier section. The last
section is “0 holdings at both start & end”. Here, I omit the fields “% held by all mutual funds”
in beginning and end, as well as change in holdings since, by definition, all of these values would
be zero. Among all 826 “0 holdings” stocks, the average contemporaneous return was 4.19%
with standard deviation with standard deviation 13.18%.
One potential ambiguity that is worth clearing up is why the “Next qtr return” mean and
standard deviation of each quarter does not exactly match up with the “Contemporaneous
Return” mean and standard deviation of the following quarter. This is because mutual fund
holdings change between quarters. For example, looking at the 2014Q2 column. The “Next qtr
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return” in “All Stocks” reflects the return in 2014Q3 of those same 1,912 stocks. However, the
stock set has changed between the quarters, as mutual funds changed to holding only 1,868
stocks in aggregate. Thus, the 2014Q3 contemporaneous return of mean 28.67% and crosssectional standard deviation 19.65% is representative of that different set of 1,868 stocks.
There are a few interesting observations to make from Table 4. First of all, in nearly
every quarter, that quarter’s “Next qtr return” is very similar to the next quarter’s
“Contemporaneous Return”. This makes sense and indicates that the characteristics of mutual
fund holdings do not change drastically. The only quarters where there appears to be a relatively
large difference between contemporaneous and next quarter returns are 2015Q1, 2015Q2, and
2015Q3. 2015Q1 next qtr return has a standard deviation of 30.50%. 2015Q2 contemporaneous
return, however, has a standard deviation of 53.61%. 2015Q2 captures the beginning of the
crash. Some stocks fell so sharply immediately after the crash that their net return for the quarter
was negative, while others fell, but not enough to offset the strong positive gains from earlier in
the quarter. The differences in cross-sectional volatility indicate that there was more spread
across stocks the mutual funds held in 2015Q2 than in 2015Q1. We also see a similar difference
in volatility between 2015Q2’s next qtr return, 14.44%, and the volatility in 2015Q3’s
contemporaneous return, 21.49%. This is likely due to similar reasons as above – there was more
spread across the stocks they held.
Second, the number of stocks used in the regression is significantly less than the 2,495
stocks in the original dataset. This goes back to the completeness factor. Not all of those 2,495
stocks had the three criteria listed in the previous section. Also, not every stock had a mutual
fund investor every quarter. Nonetheless, the lowest number of stocks used in any regression was

25
in 2015Q2 with 1,669 stocks, which is still plenty of data for a statistically meaningful regression
analysis.
The next observation is that the percentage of equity held by all mutual funds in each
stock on average is around 2%. This is smaller than what one might expect for mutual funds in
the US, but that is because mutual funds in China are much newer and smaller than mutual funds
in the United States. Mutual funds in China were only created 19 years ago and have a total of
$1.2 trillion in assets. This is only about 6.7% of the assets that mutual funds in the United States
have, which is about $18 trillion.8 However, mutual funds are one of the fastest growing
industries in China, so in the coming years the average holding in each stock by all mutual funds
may increase.
Fourth, we see that 2015Q2 has on average positive returns and large spread, while
2015Q3 has negative returns and relatively smaller spread. This makes sense since the crash was
in June of 2015. Thus, cross-sectional volatility in 2015Q2 would appear high since the quarter
includes the start of the crash. But, those stocks would still on average have positive returns since
the losses after the crash were often not large enough to offset the price appreciation from the
first 2.5 months in the quarter. The crash continued until September 30, 2015, thus including all
of 2015Q3. It makes sense, therefore, that returns are strongly negative but have lower spread,
since all stocks were essentially uniformly collapsing. 2015Q1 has the highest contemporaneous
return of any quarter in the sample at 43.21%. This is also logical, since the quarter consisted of
the stock price appreciation that led up to the stock market crash.
As mentioned in section 4, this raises the question – which quarter’s statistics should
reflect “predictive ability”? On one hand, if we believe that mutual funds should have pulled out
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of their equity holdings in 2015Q1, then it would appear in the regression that they missed the
positive returns of 2015Q2. If they pull out of 2015Q2, we don’t know whether they did it before
the crash or after due to our quarterly sampling. For now, it is sufficient to say that this is a
challenge inherent in the data. In section 5, I analyze the regression results and note any
interesting results in both quarters.
Fifth, it appears that from 2014Q4 until the end of the dataset, mutual funds held stocks
that were, on average, higher in return and had more spread, in aggregate, than the stocks they
chose not to hold. This can be observed by comparing contemporaneous return characteristics
between Non-zero holding and Zero holding stocks. Table 5, below, isolates these variables from
Table 4.
Table 5: Non-zero Holding vs Zero Holding Return Characteristics

Clearly, every quarter except for 2014Q3 appears to show that mutual funds chose to invest in
stocks with higher return characteristics, but the stocks in aggregate had more spread. Perhaps
the spread is most striking in 2015Q2, where the mean return was higher only by 2.56%, but the
spread was higher by 34.87%. This may be evidence that mutual funds did not make investments
across a uniform set of stocks.
Lastly, there is a clear pattern of increasing cross-sectional volatility quarter-on-quarter
leading up to the crash in June of 2015. In Table 4, “All Stocks” and “Non-zero holdings”
sections show “contemporaneous return” volatility increasing from 14.90% and 16.00%,
respectively, in 2014Q2 to 53.61% and 59.18%, respectively, in 2015Q2. This increase in
volatility indicates that there was not uniform appreciation of stock prices leading up to the
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crash. Instead, the growth was shaky and unequal across all Chinese stocks. Volatility sharply
falls in 2015Q3, indicating that the decline of share prices was much more uniform and linear
than their rise was. Interestingly, among stocks in the “0 holdings” section, volatility was
relatively low in the quarters preceding the crash – 2015Q1 and 2015Q2 – with standard
deviations of 23.64% and 24.31%, respectively. This suggests that the stocks that mutual funds
did not invest in were relatively uniform.
Now that we have analyzed the descriptive statistics and gotten some context on the data,
we can analyze the regression results in the following section to test the hypothesis.
5. Original Regression Results
In this section I explain my regression results and draw conclusions on this part of the
research. Before discussing the regression results, however, it may be beneficial to clear a
particular doubt of regression analysis. In general, a concern with regression analysis with
multiple predictor variables is multicollinearity affecting the regression outputs. Multicollinearity
refers to the correlation between predictor variables themselves. If multicollinearity is high, then
it may make a regression coefficient significantly different in magnitude and even in sign from
what it would otherwise be. In this case, multicollinearity is not a concern because returns tend to
be uncorrelated with each other over time. Therefore, including two separate return streams in
the regression (for contemporaneous and next quarter) should not be problematic in interpreting
the regression results.
After running the two regressions for each quarter, I compiled an aggregate “regression
matrix”, below in Table 6.
Table 6: Regression Matrix
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In Table 6:
•

x1 represents the return of the stock in the contemporaneous quarter

•

x2 represents the return of the stock in the next quarter

As mentioned earlier in section 4, the regression equation can be written as:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 = 𝛼 + 𝛽1 𝑟𝑖; 𝑡,𝑡+1 + 𝛽2 𝑟𝑖; 𝑡+1,𝑡+2
The variables in the regression equation map to the column headers of Table 6 as follows:
•

𝛼 maps to column 2, or Intercept (alpha)

•

𝛽1 maps to column 3, or Coeff x1 (where x1 is contemporaneous quarter stock returns)

•

𝛽2 maps to column 5, or Coeff x2 (where x2 is next quarter stock returns)
The columns “p-value of coeff x1” and “p-value of coeff x2” are used to gauge the

statistical significance of 𝛽1, or “Coeff x1”, and 𝛽2, or “Coeff x2”. If the p-values are less than or
equal to 5%, the variables are considered significantly significant. The column “R2” obviously
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indicates how much of the variation of the dependent variable, ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1, is captured by
the variation in the predictor variables, 𝑟𝑖; 𝑡,𝑡+1 and 𝑟𝑖; 𝑡+1,𝑡+2.
The regression statistics are broken up into two sections: “All Stocks” and “Only NonZero Holding Stocks”. For each quarter, I run two separate regressions. The first regression, in
the top table of Table 6, is run over all the “complete” stocks, including those with zero holdings
in both the beginning and end of the quarter. The second regression, in the bottom table of Table
6, is run over only the “non-zero holding” stocks, i.e. stocks that have non-zero holdings by
mutual funds in either the start or end of the quarter. For the purpose of analyzing the regression
results, I choose to focus on the second table, “non-zero holding” stocks because zero holdings
can affect “All Stocks” regression results. If the stocks with zero holdings in both the beginning
and end of the quarter did very well, then it would seem as though mutual funds made the
decision to not invest in those high returning stocks. Thus, the regression would suggest that
momentum may not be as strong of a factor as it truly is. “Non-zero holding” stocks regression
negates this issue by altogether ignoring these stocks.
The first major observation to note is that the p-values of x1 are all less than 5%,
indicating that 𝛽1 for every quarter is significant. For four of the six quarters, 𝛽1 is positive,
while for the other two it is negative. Taking a closer at look at each of the cases where 𝛽1 is
negative, we start with 2014Q3. In 2014Q3, contemporaneous return was positive at 24.77%, but
the average change in holdings across all mutual funds was negative. Thus, it makes sense
mathematically why 𝛽1 is negative. However, it is not intuitively obvious why mutual funds, on
average, reduced their holdings in Chinese equities as indicated in the descriptive statistics. One
possible theory may be that they moved to other equities, such as Taiwanese, Japanese, or
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American stocks. Another reason could be that investors withdrew money from mutual funds.
For now, it is sufficient just to note the observation and move on.
2014Q4 also had a negative value for coefficient 𝛽1. As per the descriptive statistics,
2014Q4 had relatively low contemporaneous return of 7.38%, but next quarter’s return was
42.18%. Net change in holdings among non-zero stocks was 0.40%. My first conjecture was that
the return streams 𝑟𝑖; 𝑡,𝑡+1 and 𝑟𝑖; 𝑡+1,𝑡+2 were correlated. Since 𝑟𝑖; 𝑡+1,𝑡+2 was so much larger than
𝑟𝑖; 𝑡,𝑡+1, perhaps the regression applied a positive coefficient 𝛽2 and negative coefficient 𝛽1. In a
regression with only 𝑟𝑖; 𝑡,𝑡+1 , I thought 𝛽1 would be positive. However, when I ran a single
variable regression with only 𝑟𝑖; 𝑡,𝑡+1 as the predictor variable, the results still consisted of a
negative 𝛽1 at a statistically significant p-value. This is evident in Table D in the Appendix.
Similar to the previous paragraph, there is not much intuition for this negative coefficient, so we
move on. One point to add for this paragraph and the previous paragraph is that the R2 are the
lowest of any of the quarters. This means that the fitted regression model explains the least
variation in the dependent variables.
The other four values of 𝛽1 are all positive, albeit fairly small. This is consistent with
mutual funds being “momentum traders” in the broad sense of the term momentum. Namely,
when returns are up for a given stock in a given quarter, mutual funds on average will increase
their holding in that stock, where holding is defined as percentage ownership of overall market
capitalization. Coefficients can be interpreted in the following manner: In 2014Q2, among “Nonzero holding” stocks, for a 1% increase in contemporaneous quarter return, mutual funds will, on
average, increase their holdings by 0.071656%, or roughly 0.072%. Intuitively, positive 𝛽1
values make sense – it suggests that contemporaneous performance influences the investment
decisions of mutual fund managers in China.
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The core of the hypothesis lies in the analysis of 𝛽2, the coefficient for x2 (next quarter’s
return). If 𝛽2 values were consistently positive and statistically significant across quarters, it
would suggest that mutual funds are expert stock-pickers and the hypothesis is correct.
Unfortunately, in the non-zero holding stocks, none of the 𝛽2 values are significant at the 5%
level. Among “all stocks”, 𝛽2 is significant for 2014Q4 as the p-value is 3.96%, but this quarter
is not specific to the hypothesis. The hypothesis suggested that mutual funds were able to predict
the stock market crash of June 2015, so the particular quarters of interest would be 2015Q1 or
2015Q2. In both of these quarters, p-values are well above 5%. Among “non-zero holding
stocks”, at the 10% significance level, 𝛽2 is significant for 2014Q4 and 2015Q3. Both quarters
are not specific to the hypothesis. 2014Q4 is before the period of interest while 2015Q3 is after.
Also, the 𝛽2 values are different signs, so there is not much intuition to draw from this.
A final point to make before moving onto the conclusion of this part of the research is
that the R2 is fairly low in every quarter. Among “non-zero holding stocks”, the highest R2 was
14.21% for 2015Q1. The lowest was 0.59% for 2014Q3. Clearly, there are other factors that
mutual fund managers consider when modifying their portfolios. I add predictor variables to my
regression and analyze the results beginning in section 6.

5. 1. Initial Conclusions
In sections 2 through 5, we defined the hypothesis and went through a series of steps to
test it. The hypothesis was that mutual funds had market-timing ability around the June 2015
market crash and could predict the crash before it happened. This would be observable through
changes in the percentage of Chinese stocks held by mutual funds between 2015Q1 and 2015Q3.
In section 3, the initial plots indicated ambiguity in the underlying trend of mutual fund
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investments in Chinese equities. While some equities exhibited evidence of market-timing, as in
Figure 3, others showed very different trends, as in Figure 4. Of the 2,495 stocks in the dataset,
1,030, or 41.3% had a higher percentage held by mutual funds as of June 30, 2015 than as of
March 31, 2015. This roughly 60-40 split did not provide sufficient evidence to draw any
conclusions.
In section 4, we set up the regression model, explained the distinction between zero and
non-zero holdings, and analyzed the descriptive statistics. The descriptive statistics showed many
interesting trends. We noted that:
•

2015Q2 has positive returns and high volatility, while 2015Q3 has negative returns and
relatively smaller volatility

•

From 2014Q4 until the end of the dataset, mutual funds held stocks that were, on average,
higher in return and volatility than the stocks they chose not to hold

•

Cross-sectional volatility increased quarter-on-quarter leading up to the crash in June of
2015

•

Mutual funds increased their equity positions consistently from 2014Q4 to 2015Q2

We also acknowledged the inherent problem of knowing which quarter’s statistics reflect
“predictive ability”. Since the crash was in June of 2015, it is unclear whether mutual funds
should have pulled out of equity holdings in 2015Q1 or 2015Q2, and the data frequency makes it
impossible for us to know exactly when they reduced their holdings. This helped give us
background context going into the regression results in section 5.
The regression analysis indicates that, for four out of six quarters, mutual funds appeared
to act like momentum traders. That is, if a stock performed well in the contemporaneous quarter,
then mutual funds increased their percentage holding in the stock, relative to the stock’s market
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capitalization. All of the regression 𝛽1 coefficients were statistically significant for every quarter,
indicating that contemporaneous return is a significant factor for mutual funds.
On the other hand, it appears mutual funds are not market-timers in any quarter. Every
regression 𝛽2 coefficient had a p-value above the 5% significance level, and the two that were
below the 10% level had similar magnitudes but opposite signs. It would appear, therefore, that
mutual funds in China are not market-timers, but instead exhibit characteristics more similar to
momentum-traders.
None of the regressions appeared to capture a significant degree of the variation in
change in holdings. Across all quarters, R2 was fairly low, with the highest R2 being 14.21% and
the lowest being 0.59% among non-zero holding stocks. This indicates that incorporating other
variables may do more to explain change in holdings. We begin to explore this in section 6.
6. Lagged Regression Model
In this section, I add a third predictor variable, lagged quarterly returns, to my regression
analysis and analyze the results. I run twelve separate regressions from 2014Q2 to 2015Q3. In
each regression, I organize my data the same way and run regressions over the same types of
data. The generalized regression equation is:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 = 𝛼 + 𝛽1 𝑟𝑖; 𝑡−1,𝑡 + 𝛽2 𝑟𝑖; 𝑡,𝑡+1 + 𝛽3 𝑟𝑖; 𝑡+1,𝑡+2
where:
•

i goes from 1 to N, where N is the number of stocks in the dataset

•

∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 , 𝛼, 𝑟𝑖; 𝑡,𝑡+1, 𝑟𝑖; 𝑡+1,𝑡+2 are the same as in sections 4 and 5

•

𝛽1 = coefficient for 𝑟𝑖; 𝑡−1,𝑡 and indicates how much 𝑟𝑖; 𝑡−1,𝑡 and ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 move
in-step
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•

𝛽2 = coefficient for 𝑟𝑖; 𝑡,𝑡+1 and indicates how much 𝑟𝑖; 𝑡,𝑡+1 and ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 move
in-step

•

𝛽3 = coefficient for 𝑟𝑖; 𝑡+1,𝑡+2 and indicates how much 𝑟𝑖; 𝑡+1,𝑡+2 and ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1
move in-step

•

𝑟𝑖; 𝑡−1,𝑡 = return of the stock i in the previous quarter (lagged return)

In words, the regression tests whether the dependent variable, change in holdings, is significantly
affected by the predictor variables, returns in the previous, contemporaneous, and following
quarters. Table 7 illustrates how the data is formatted for the 2014Q2 lagged regression.
Table 7: 2014Q2 Lagged Regression Data Setup

The above table is a subset of the data I use in my 2014Q2 lagged regression. I have inserted it
here merely to demonstrate how the data is organized in each of the regressions. As with the
earlier section, these specific stocks have zero holdings in columns 2-4, but not all stocks have
these characteristics.
Table 7 shows how a small subset of my data is organized in the 2014Q2 regression analysis.
The column headers in Table 3 are defined as follows:
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•

20140331, 20140630, Change in Holdings, 2014Q2, and 2014Q3 are the same as in
sections 4 and 5

•

2014Q1: Return of the stock in the previous quarter (in this case 2014Q1 which is
between December 31, 2013 and March 31, 2014)

The regression equation for the 2014Q2 lagged regression can be expressed as:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 20140331,20140630
= 𝛼 + 𝛽1 𝑟𝑖; 20131231,20140331 + 𝛽2 𝑟𝑖; 20140331,20140630 + 𝛽3 𝑟𝑖; 20140630,20140930
where:
•

∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 20140331,20140630, 𝑟𝑖; 20140331,20140630, 𝑟𝑖; 20140630,20140930 corresponds to
the same columns as in sections 4 and 5

•

𝑟𝑖; 20131231,20140331 corresponds to “2014Q1” in Table 7

If 𝑟𝑖; 20131231,20140331 is significant in the regression output, that would suggest that mutual funds
are lag-momentum traders. That is, mutual funds, as a whole, tend to increase their holdings in
stocks when the stock performed well in the previous quarter and they decrease holdings in
stocks when the stock performed poorly in the previous quarter. Although this is not the core of
the hypothesis, it can be insightful in helping us understand how mutual funds decide which
stocks to invest in. 𝑟𝑖; 20140331,20140630 and 𝑟𝑖; 20140630,20140930 have the same interpretations as
discussed in sections 4 and 5.
I run two separate regressions for each quarter, one for “All Stocks” and one for “Nonzero holdings stocks”, just as described in section 4. Before discussing the regression results, I
briefly review the modified definition of “completeness” as well as the descriptive statistics in
the next two sections.
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6. 1. “Complete” Data in the Lagged Regression
The definition of “complete” data needs to be modified for the lagged regression.
“Complete” stocks means that CSMAR has data for the following criteria:
1. The percentage of that stock held by mutual funds in each of the two dates relevant to
that quarter (beginning and end)
2. Return data for the previous quarter
3. Return data for the contemporaneous quarter
4. Return data for the following quarter
If any of the above criteria is missing for a given stock for a given quarter, that stock is
considered “incomplete” and is not included in the regression for that quarter. Within “complete”
stocks are zero and non-zero stocks, as described in section 4.

6. 2. Descriptive Statistics for Lagged Regression
This section summarizes the descriptive statistics of the data I use in my lagged
regressions. As mentioned in the previous section, all of the data used in the regression is
“complete”.
Table 8: Descriptive Statistics for Lagged Regression
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Table 8 is formatted in much the same way as Table 4 in the original regression analysis. The
key difference is that Table 8 includes the section “Previous Qtr Return” under “All Stocks”,
“Non-zero holding”, and “0 holdings” stocks.
The table is organized the same way as in the original regression, with the only addition
being “Previous Qtr Return”. “Previous Qtr Return” includes the mean and standard deviation
for stocks during the previous quarter. For example, looking at column 2014Q2 under “All
Stocks”, “Previous Qtr Return” has mean 2.09% and standard deviation 18.26%. Those statistics
describe the 1,872 stocks that mutual funds held in 2014Q2, not the holdings of 2014Q1.
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One important observation to explain is that the “# of stocks” in the descriptive statistics
is smaller across every quarter, 2014Q2 to 2015Q3 compared to the original regression. Table 9
highlights this below.
Table 9: Number of Stocks in Original Regression vs Lagged Regression

The reason that the number of stocks is smaller in the lagged regression is that the criteria for
“complete” stocks expanded. If CSMAR is missing data on a particular stock’s return in the
previous quarter, then that stock would be omitted from the dataset for that quarter.
Another observation to point out is that the statistics for a given quarter’s
“contemporaneous return” and the next quarter’s “previous return” appear fairly similar across
all quarters. The notable exception is between 2015Q2 and 2015Q3. Under “all stocks”,
contemporaneous return in 2015Q2 has mean 23.85% and standard deviation 27.96%, while
previous quarter return in 2015Q3 has mean 28.14% and standard deviation 39.99%. This
indicates that the stocks that mutual funds held in 2015Q3 had a much higher spread, in
aggregate, than the holdings in 2015Q2. A similar trend is noted under “Non-zero holding”
stocks, where contemporaneous return in 2015Q2 has mean 23.86% and volatility 28.98% while
previous quarter return in 2015Q3 has mean 28.86% and volatility 42.26%.
Other trends, such as increasing volatility leading up to the crash, appear consistent
between the original regression’s descriptive statistics and the lagged regression’s descriptive
statistics.
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7. Lagged Regression Results
In this section I explain my lagged regression results and draw conclusions on this part of
the research. After running the six regressions for each quarter, I compiled an aggregate “lagged
regression matrix”, below in Table 10.
Table 10: Lagged Regression Matrix

In Table 10:
•

x1 represents the return of the stock in the previous quarter

•

x2 represents the return of the stock in the contemporaneous quarter

•

x3 represents the return of the stock in the next quarter

As mentioned earlier in section 6, the regression equation can be written as:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 = 𝛼 + 𝛽1 𝑟𝑖; 𝑡−1,𝑡 + 𝛽2 𝑟𝑖; 𝑡,𝑡+1 + 𝛽3 𝑟𝑖; 𝑡+1,𝑡+2
The variables in the regression equation map to the column headers of Table 10 as follows:
•

𝛼 maps to column 2, or Intercept (alpha)

•

𝛽1 maps to column 3, or Coeff x1 (where x1 is previous quarter stock returns)
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•

𝛽2 maps to column 5, or Coeff x2 (where x2 is contemporaneous quarter stock returns)

•

𝛽3 maps to column 7, or Coeff x3 (where x3 is next quarter stock returns)

The columns “p-value of coeff x1”, “p-value of coeff x2”, and “p-value of coeff x3” are used to
gauge the statistical significance of 𝛽1, or “Coeff x1”, 𝛽2, or “Coeff x2”, and 𝛽3, or “Coeff x3”.
If the p-values are less than or equal to 5%, the variables are considered significantly significant.
The column “R2” is obviously representative of how much of the variation of the dependent
variable, ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 , is captured by the variation in the predictor variables, 𝑟𝑖; 𝑡−1,𝑡 , 𝑟𝑖; 𝑡,𝑡+1
and 𝑟𝑖; 𝑡+1,𝑡+2. As in section 5, I choose to focus my analysis on the “Non-Zero Holding Stocks”
regression table (bottom of Table 10).
There is compelling evidence that mutual funds in China are, in fact, momentum-traders.
p-values for coeff x2 are all 0.00%, indicating every single 𝛽2 coefficient is statistically
significant. In addition, every 𝛽2 for every quarter is positive and has the same order of
magnitude. For example, the 𝛽2 coefficient in the 2014Q2 regression indicates that for a 1%
increase in contemporaneous quarter returns of a given stock, mutual funds will increase their
holdings in the stock by 0.074223%, or about 0.074%. This is intuitive as it suggests that if a
stock is doing well in a given quarter, mutual funds will increase their holdings in that stock also
in that quarter. The 𝛽2 values and p-values indicate that contemporaneous returns are significant
factors that mutual funds in China consider when deciding their equity investments.
Previous quarter returns (Coeff x1s) appear to only be statistically significant in quarters
2014Q3 and 2014Q4, where p-values are 0.05% and 0.14%, respectively. In both of these
quarters, 𝛽1 is positive. For example, the 𝛽1 coefficient for 2014Q3 indicates that for every 1%
increase in a stock’s return in the previous quarter, in this case 2014Q2, mutual funds will
increase their holdings in the stock by 0.020806%, or roughly 0.021%. These results are logical.
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It makes sense that mutual funds would look at return in the previous quarter as a factor when
deciding their equity investments. If returns were positive last quarter, it makes sense that this
would encourage them to increase their holdings in that particular equity.
There is not much value to be gained from analyzing the other four 𝛽1 coefficients, since
they are not statistically significant. I will list a few observations I noticed but not analyze them
deeply. First, 𝛽1 in 2014Q3 and 2014Q4 are the largest in magnitude relative to the other four
quarters. In addition to being statistically insignificant, the other four 𝛽1s are smaller by a factor
of 10. Also, four out of the six 𝛽1s are positive, while the other two are negative.
Coefficient x3, or return in the next quarter, appears completely statistically insignificant.
Even at the 10% significance level, none of the 𝛽3s among the “non-zero holding stocks” are
significant. Among “All Stocks”, 2014Q3 has a statistically significant 𝛽3 at the 10%
significance level. This 𝛽3 value, 0.004112, is an order of magnitude smaller than both 𝛽1 and 𝛽2
for the same quarter, and is less statistically significant than either. Thus, it appears that return
next quarter is not a particularly important factor for mutual funds in deciding how to change
their equity holdings.
Lastly, Table 11 below shows that R2 increased every quarter with the addition of
previous quarter returns.
Table 11: R2 between Original and Lagged Regressions
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The top half of Table 11 shows the R2 values for the original regressions (before the addition of
lagged returns as a predictor variable). The bottom half shows the R2 values for the lagged
regressions. The left-hand side shows the R2 value for when “All Stocks” are considered in the
regression, while the right-hand side shows the R2 value for when only “Non-Zero Holding
Stocks” are considered.
Of course, R2 cannot fall when predictor variables are added. R2 must stay flat or increase,
however the degree by which R2 increased in Table 11 differs among quarters. For example,
2014Q2 only had a slight increase in R2 with the addition of the lagged return variable. However,
2014Q3 saw an increase in the R2 from 0.27% to 11.76% among “All Stocks”. There was a
similarly large jump in R2 for “Non-Zero Holding Stocks”, from 0.59% to 15.26%. Part of the
reason for this may be the drop in the number of “complete” stocks between the original and
lagged regressions. Perhaps the stocks that didn’t have data on CSMAR for the previous
quarter’s returns were the stocks whose variability wasn’t being captured by the original model.
So, when the stocks were omitted from the lagged regression’s dataset, R2 was sure to go up. Of
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course, another reason may simply be that lagged returns better explain the variation in the
change in holdings. In other words, lagged returns may have been a significant factor that
Chinese mutual funds considered when modifying their portfolio holdings. This is also supported
by the lagged regression matrix, which showed 𝛽1 to be significant in 2014Q3. 𝛽1 was also
significant in 2014Q4, which is the other quarter where R2 jumped up significantly between the
original and lagged regressions.

7. 1. Lagged Regression Conclusion
The lagged regression results appear to strongly indicate that mutual funds are
momentum-traders. In section 6, we defined the generalized regression equation as:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1 = 𝛼 + 𝛽1 𝑟𝑖; 𝑡−1,𝑡 + 𝛽2 𝑟𝑖; 𝑡,𝑡+1 + 𝛽3 𝑟𝑖; 𝑡+1,𝑡+2
and walked through the interpretation of each variable. Later, we analyzed the descriptive
statistics and noted trends in the underlying data, such as differences in volatility between
contemporaneous and previous quarters. Lastly, we included the lagged regression matrix and
analyzed the results.
The regression results showed that 𝛽2, or the coefficient for contemporaneous returns
𝑟𝑡,𝑡+1 , was statistically significant across all quarters, with p-values of 0.00% every period. In
addition, 𝛽2 was positive and had similar magnitudes every quarter. This suggests that mutual
funds in China are consistent in using a stock’s contemporaneous returns when deciding how to
change their holdings in that stock. This is not directly relevant to the hypothesis, which
proposed that mutual funds had predictive ability around the June 2015 stock market crash,
however it is insightful in helping us understand what mutual funds use to decide their equity
investments.
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Predictive ability is represented by 𝛽3 and 𝑟𝑡+1,𝑡+2. These variables refer to return in the
next quarter. If 𝛽3 is statistically significant and positive across quarters, it would suggest that
the hypothesis is correct. Unfortunately, such evidence was not found in the regression analysis.
At the 5% significance level, no 𝛽3 was significant, and at the 10% level, only 𝛽3 in 2014Q3 was
significant among “all stocks”. This significant 𝛽3 was smaller by an order of magnitude than 𝛽1
and 𝛽2 for the same quarter. Thus, it is not evident that mutual funds had any predictive ability
whatsoever.
Lastly, we observed 𝛽1, which would indicate whether mutual funds use lagged returns in
deciding their equity investments. 𝛽1 was statistically significant in two quarters, and both
quarters it was positive and of similar magnitude to 𝛽2. It was not statistically significant the
other four quarters, however. This suggests that mutual funds may consider lagged returns when
deciding their equity investments, but not to the same extent they consider contemporaneous
returns.
We can further break down analysis on a quarterly return level to on a monthly return
level. I conduct and analyze regressions using monthly return streams in the next section.
8. Monthly Regression Model
In this section, instead of analyzing changes in holdings with respect to quarterly return
streams, I analyze changes in holdings with respect to monthly return streams. I run twelve
separate regressions from 2014Q2 to 2015Q3. In each regression, I organize my data the same
way and run regressions over the same types of data. The generalized regression equation is:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+3
= 𝛼 + 𝛽1 𝑟𝑖; 𝑡,𝑡+1 + 𝛽2 𝑟𝑖; 𝑡+1,𝑡+2 + 𝛽3 𝑟𝑖; 𝑡+2,𝑡+3 + 𝛽4 𝑟𝑖; 𝑡+3,𝑡+4 + 𝛽5 𝑟𝑖; 𝑡+4,𝑡+5
+ 𝛽6 𝑟𝑖; 𝑡+5,𝑡+6
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where:
•

i goes from 1 to N, where N is the number of stocks in the dataset

•

∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+3 = change in the percentage of a given stock i held by all mutual funds
between times t and t + 3, which are the beginning and end of a quarter, respectively

•

𝛼 = the y-intercept of the model

•

𝑟𝑖,𝑗,𝑘 = return for the specific stock i between times j and k, for j between t and t+5 and for
k between t+1 and t+6

•

𝛽𝑚 = coefficient that indicates how much the given month’s return and
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+3 move in-step for m between 1 and 6
Unlike in the original and lagged regressions, in these regressions incrementing t by 1

means advancing by one month, rather than by one quarter. That is why the dependent variable
here is ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+3 as opposed to ∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+1, since the change in holdings over the
quarter is equivalent to the change in holdings over the three-month period.
In words, the regression tests whether the dependent variable, change in holdings, is
significantly affected by the predictor variables, return in each month of the contemporaneous
quarter and return in each month of the following quarter. To illustrate this more concretely, I
walk through an example of how the regression for 2014Q2, or the second quarter of 2014, is set
up.
Table 12: 2014Q2 Monthly Regression Setup
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The above table is a small subset of the data I use in my 2014Q2 regression. I have inserted it
here merely to demonstrate how the data is organized in each of the regressions. As with the
earlier section, these specific stocks have zero holdings in columns 2-4, but not all stocks have
these characteristics.
Table 12 shows how a small subset of my data is organized in the 2014Q2 regression analysis.
The column headers in Table 12 are defined as follows:
•

20140331: Percentage of the stock held by all mutual funds as of March 31, 2014

•

20140630: Percentage of the stock held by all mutual funds as of June 30, 2014

•

Change in Holdings: 20140630 Holdings – 20140331 Holdings

•

201404: Return of the stock in April 2014 (in general, the contemporaneous quarter’s
first month)
o Similar pattern for 201405 and 201406

•

201407: Return of the stock in July 2014 (in general, the next quarter’s first month)
o Similar pattern for 201408 and 201409

The regression equation for the 2014Q2 regression can be expressed as:
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∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 20140331,20140630
= 𝛼 + 𝛽1 𝑟𝑖; 201404 + 𝛽2 𝑟𝑖; 201405 + 𝛽3 𝑟𝑖; 201406 + 𝛽4 𝑟𝑖; 201407 + 𝛽5 𝑟𝑖; 201408
+ 𝛽6 𝑟𝑖; 201409
where:
•

∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 20140331,20140630 corresponds to “Change in Holdings” in Table 12

•

𝑟𝑖; 201404 corresponds to “201404” in Table 12
o Similar pattern for the other 𝑟𝑖; 𝑡
This regression analysis provides further insight into the factors mutual funds consider

when deciding their equity investments. In the original regression, if 𝑟𝑖; 20140331,20140630 was
significant in the regression output, that would suggest that mutual funds modify their holdings
according to the stock’s return in the contemporaneous quarter. However, it may be the case that
it is not the entire quarter return they consider, but only select months in the quarter. In the
2014Q2 regression, we would look at the significance of 𝛽1 to 𝛽3 to evaluate this. A very similar
logic can be used for 𝑟𝑖; 20140630,20140930 . This monthly regression allows us to see if any
particular month of the next quarter is more significant than the others.
I run two separate regressions for each quarter, one for “All Stocks” and one for “Nonzero holding stocks”, just as described in earlier sections. Before discussing the regression
results, I briefly review the modified definition of “completeness” as well as the descriptive
statistics in the next two sections.

8. 1. “Complete” Data in Monthly Regression
The definition of “complete” data needs to be modified for the monthly regressions.
“Complete” stocks means that CSMAR has data for the following criteria:
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1. The percentage of that stock held by mutual funds in each of the two dates relevant to
that quarter (beginning and end)
2. Return data for all three months of the contemporaneous quarter
3. Return data for all three months of the next quarter
If any of the above criteria is missing for a given stock for a given period, that stock is
considered “incomplete” and is not included in the regression for that quarter. Within “complete”
stocks are zero and non-zero stocks, as described in earlier sections.

8. 2. Descriptive Statistics for Monthly Regression
This section summarizes the descriptive statistics of the data I use in my monthly
regression. As mentioned in the previous section, all of the data used in the regression is
“complete”.
Table 13: Descriptive Statistics for Monthly Regression
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Table 13 is organized in a similar way to the descriptive statistics tables in earlier sections. To
illustrate how the table is organized, this paragraph will explain how some of the values should
be interpreted. Looking at column 2014Q2, there are 1,912 stocks in total, including both zero
and non-zero holdings. “Contemporaneous Return Month 1” has mean -1.77% and standard
deviation 8.56%. Since we are looking at the second quarter of 2014, which begins March 31,
2014 and ends June 30, 2014, the contemporaneous month 1 is April 2014. Similarly,
contemporaneous month 2 would be May 2014 and month 3 would be June 2014. Thus, the
1,912 stocks had mean -1.77% and standard deviation 8.56% in April 2014. “Next qtr return
month 4” has mean 7.74% and standard deviation 10.37%. “Next qtr return month 4” refers to
the first month of the next quarter. In this case, that would be July 2014 since that is the month
immediately after 2014Q2. Similarly, “next qtr return month 5” would be August 2014 and “next
qtr return month 6” would be September 2014. There are a number of important observations to
note in the descriptive statistics table.
First, we see that an immediate benefit of using monthly return data as opposed to
quarterly is the better visibility of returns. This is most evident in the 2015Q2 column. Earlier,
we had the problem that total returns for 2015Q2 were positive, because the crash did not happen
until June of 2015. Thus, even though the returns at the end of 2015Q2 were negative, they were
offset by the positive streak earlier in the quarter. It was only 2015Q3 where we could begin to
see negative returns. In the monthly regression descriptive statistics, we improved upon that
problem. Under 2015Q2 of Table 13, it is clear that “contemporaneous return month 2”, or May
2015, has high returns and high standard deviation. In fact, it has the highest returns and standard
deviation of any month before it, with 24.42% mean return and 24.88% standard deviation. We
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can also see clearly that the negative returns begin in “contemporaneous return month 3”, or June
2015, as opposed to earlier where we only saw the negative returns begin in 2015Q3.
Second, we can see that after the crash, there was more spread among stocks mutual
funds held. This is more apparent by comparing 2015Q2’s “next qtr returns” with 2015Q3’s
“contemporaneous returns”. Table 14 below isolates these two parts of the descriptive statistics
from Table 13.
Table 14: “All Stocks” 2015Q2 Next Qtr Returns vs 2015Q3 Contemporaneous Qtr Returns

On the left half of the Table above is the “Next qtr return” statistics for 2015Q2 and on the right
half is the “Contemporaneous Return” statistics for 2015Q3. Both of these periods cover the
same time period, but on a different set of stocks. The left half covers stocks that mutual funds
held in 2015Q2, while the right half covers stocks that mutual funds held in 2015Q3.
The “Next qtr return month 4” of 2015Q2 has a mean of -18.35% and a standard deviation of
13.76%. “Next qtr return month 4”, or the first month of the next quarter, corresponds with
“Contemporaneous Return Month 1” of 2015Q3. However, “Contemporaneous Return Month 1”
of 2015Q3 has a much higher standard deviation, at 26.61%. This indicates there was greater
spread among stocks mutual funds invested in, but on average these stocks had higher returns
than the stocks they held in 2015Q2.
Now that we have analyzed the descriptive statistics, we can analyze the regression
results in the following section.
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9. Monthly Regression Results
In this section I explain my monthly regression results and draw conclusions on this part
of the research. After running the six regressions for each quarter, I compiled an aggregate
“monthly regression matrix”, below in Table 15.
Table 15: Monthly Regression Matrix

In Table 15:
•

x1 represents the return of the stock in contemporaneous month 1

•

x2 represents the return of the stock in contemporaneous month 2

•

x3 represents the return of the stock in contemporaneous month 3

•

x4 represents the return of the stock in next quarter month 4 (first month of next quarter)

•

x5 represents the return of the stock in next quarter month 5 (second month of next
quarter)

•

x6 represents the return of the stock in next quarter month 6 (third month of next quarter)

As mentioned earlier in section 8, the regression equation can be written as:
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∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+3
= 𝛼 + 𝛽1 𝑟𝑖; 𝑡,𝑡+1 + 𝛽2 𝑟𝑖; 𝑡+1,𝑡+2 + 𝛽3 𝑟𝑖; 𝑡+2,𝑡+3 + 𝛽4 𝑟𝑖; 𝑡+3,𝑡+4 + 𝛽5 𝑟𝑖; 𝑡+4,𝑡+5
+ 𝛽6 𝑟𝑖; 𝑡+5,𝑡+6
The variables in the regression equation map to the column headers of Table 15 as follows:
•

𝛼 maps to column 2, or Intercept (alpha)

•

𝛽1 maps to column 3, or Coeff x1 (where x1 is contemporaneous month 1 stock returns)

•

𝛽2 maps to column 5, or Coeff x2 (where x2 is contemporaneous month 2 stock returns)

•

𝛽3 maps to column 7, or Coeff x3 (where x3 is contemporaneous month 3 stock returns)

•

𝛽4 maps to column 9, or Coeff x4 (where x4 is next quarter month 4 stock returns)

•

𝛽5 maps to column 11, or Coeff x5 (where x5 is next quarter month 5 stock returns)

•

𝛽6 maps to column 13, or Coeff x6 (where x6 is next quarter month 6 stock returns)

As in earlier sections, I choose to focus my analysis on the “Non-Zero Holding Stocks”
regression table (bottom of Table 15).
The first and most apparent observation is that x1, x2, and x3 are all statistically
significant. They are also all positive and have the same order of magnitude. “Coeff x1” or
2014Q2 in “Non-Zero Holding Stocks” can be interpreted as follows: for a 1% increase in a
stock’s return in the first month of 2014Q2, mutual funds will increase their percentage holding
in the stock by 0.092861%, or roughly 0.093%. This strengthens the idea that mutual funds in
China are momentum traders. In words, this regression suggests that changes in mutual fund
equity holdings over the quarter are affected by the returns of those equities in each month of the
quarter. This result is highly intuitive and insightful in understanding what factors affect mutual
fund equity holdings.
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Another interesting observation to make is the statistical significance of variable x4, or
equity returns in the first month after the end of the quarter. In the “non-zero holding stocks”
regressions, x4 is statistically significant in two quarters at the 5% level (2015Q1 and 2015Q3)
and in three quarters at the 10% level (2015Q1, 2015Q2, and 2015Q3). These correspond
directly with the quarters relevant to the stock market crash. However, the statistically significant
𝛽4 values are not similar. 2015Q1 has a positive 𝛽4 value of 0.020348 while 2015Q3 has a value
of -0.027413. For 2015Q1, the regression coefficient can be interpreted as: for a 1% increase in a
stock’s return in the first month after 2015Q1 (April 2015), mutual funds will increase their
holdings in that stock by 0.020348% over 2015Q1. In 2015Q3, it would appear that if the stock
is going to do well in October 2015, mutual funds would decrease their weight in it over
2015Q3. This result is counter-intuitive. Looking at the “All Stocks” regression output (top half
of Table 15), at the 5% level, four quarters have statistically significant x4 variables. At the 10%
level, every quarter except 2014Q2 has statistically significant x4 variables. Again, the values of
𝛽4 themselves do not appear consistent. Among the four significant variables at the 5% level,
two coefficients are positive while two are negative. Intuitively, it does not appear clear why a
coefficient should be negative. If mutual funds really did have predictive ability and could
accurately predict which stocks would perform well after the end of the quarter, they should
increase their weight in those stocks, not decrease it. Clearly, it is not a deliberate decision by
mutual funds. Either their stock selection procedures must be flawed, in that returns are
predictable but they have a bad model for picking stocks, or they are unable to predict returns
and the stocks they pick just happen to be relative underperformers. Alternatively, mutual funds
could be selecting stocks based on a “factor”, such as size or growth, that fails at irregular
intervals.
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Third, it appears that mutual funds have little to no predictive ability for the second and
third months in the next quarter. In the “Non-Zero Holding Stocks” regressions, 2014Q3 is the
only quarter where variable x5 is statistically significant. Variable x6 is not significant in any
quarter at the 5% level and only in 2015Q2 at the 10% level. In the “All Stocks” regressions, x5
is still only significant in 2014Q3, and x6 becomes significant in 2015Q2 at the 5% level and in
2014Q3, 2015Q1, and 2015Q2 at the 10% level. Looking at those three statistically significant
x6 coefficients in the “All Stocks” regressions, two are negative while one is positive. The lack
of statistical significance combined with the inconsistency in the signs of the coefficients
themselves indicate that mutual funds likely do not have much predictive ability for months in
the future.

9. 1. Monthly Regression Conclusion
The monthly regression results appear to strongly indicate that mutual funds are
momentum traders. In section 8, we defined the generalized regression equation as:
∆𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡,𝑡+3
= 𝛼 + 𝛽1 𝑟𝑖; 𝑡−3,𝑡−2 + 𝛽2 𝑟𝑖; 𝑡−2,𝑡−1 + 𝛽3 𝑟𝑖; 𝑡−1,𝑡 + 𝛽4 𝑟𝑖; 𝑡,𝑡+1 + 𝛽5 𝑟𝑖; 𝑡+1,𝑡+2
+ 𝛽6 𝑟𝑖; 𝑡+2,𝑡+3
and walked through the interpretation of each variable. Later, we analyzed the descriptive
statistics and noted trends in the underlying data, such as the beginning of the negative return
stream in June 2015. Lastly, we included the monthly regression matrix and analyzed the results.
The coefficients 𝛽1, 𝛽2, and 𝛽3 were all statistically significant for every quarter. In
addition, they were all positive and had the same order of magnitude. This strongly suggests that
mutual funds are momentum traders. In other words, mutual funds’ change in equity holdings
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over the quarter is strongly influenced by the returns of Chinese equities in each month of the
contemporaneous quarter.
The coefficient 𝛽4 was statistically significant in several quarters, but its sign was
inconsistent across quarters. This suggests that mutual funds likely do not have predictive ability
for immediately after the end of the quarter and do not adjust their portfolio holdings according
to future returns.
The coefficients 𝛽5 and 𝛽6 were rarely statistically significant and when they were, they
had inconsistent signs. This suggests that mutual funds likely have no predictive ability for two
months and onwards after the end of the quarter. This would suggest that the hypothesis, in its
original form, is incorrect. However, we again have confirmation of a different idea: that mutual
funds are momentum traders, rather than accurate predictors of future returns.
In the final regression analysis, I conduct level regressions to attempt to further explain
holdings. I explain the model in the next section.

10. Level Regression Model
In this section, I run level regression to explain mutual fund holdings. The main purpose
of conducting this type of regression is to explain the level of holdings in each stock, rather than
the percentage change. Mutual funds may increase their percentage holding in two stocks by the
same amount, but it does not mean that they have the same view in each stock. For example,
imagine there are two stocks, A and B. Mutual funds initially own 2% of stock A and 0.5% of
stock B. Then, mutual funds purchase 1% more of each stock over the quarter, making their
quarter-end ownership of stock A 3% and of stock B 1.5%. Even though the absolute increase
was the same, as a percentage of the original level, mutual funds increased their ownership in
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stock A by only 50% but in stock B by 200%. In turn, mutual funds may have a different view on
the growth potential of each stock.
This regression will help us understand what drives mutual funds’ decisions to have
different levels of holdings among stocks. I consider other factors in addition to returns in my
regression because in reality, mutual funds probably have other considerations, as well. For
example, mutual funds may have restrictions on the market capitalizations of equities they can
invest in. These other considerations could not be expressed in the first three regression models,
but they are in this level regression model.
I run regressions with the percentage holding at the end of each quarter as the dependent
variable. Since this is a level variable, I use level variables to explain holdings. Level variables,
in this context, means contemporaneous variables, or variables that are known at the end of the
quarter. I use the following five level variables in the regression:
•

x1: Tradable market cap. (in logs)

•

x2: Total market cap. (in logs)

•

x3: % tradable

•

x4: Return from previous quarter

•

x5: Shanghai Stock Exchange (SSE) Listed vs Shenzhen Stock Exchange (SZSE) Listed
As mentioned in the introduction, in China there is a distinction between tradable and

non-tradable shares. Tradable market cap reflects the number of tradable shares outstanding
multiplied by the share price. Total market cap obviously reflects the sum of tradable and
nontradable market cap. % tradable is tradable market cap divided by total market cap. Return
from previous quarter is the return of the three months before the date used as the dependent
variable. For example, if the dependent variable is 20140630, then the previous quarter return
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would be the return of 2014Q2, or the quarter from March 31, 2014, to June 30, 2014. Shanghai
vs Shenzhen listed refers to which index in China the particular stock is listed on. All Shanghai
stock codes start with “600” and are six digits in length.
Unlike in the earlier regressions, here there is a tangible risk of multicollinearity.
Multicollinearity refers to the correlation of predictor variables with themselves. High multicollinearity could lead to regression results that seem inconsistent or different from what they
should be. This concern of multi-collinearity is particularly troubling with the first three
predictor variables: tradable market cap, total market cap, and the percent tradable. As a result of
this perceived multicollinearity, I ran several independent regressions where I selected subsets of
the original five parameters to include. I describe these variations later in the section.
Instead of running regressions for each quarter, I run regressions for specific dates. In
particular, I have six dates I run regressions for: 20140630, 20140930, 20141231, 20150331,
20150630, 20150930. For each of those six dates, I run 7 regressions with the following
predictor variables:
1) x1, x2, x3, x4, x5 – “All Stocks”
2) x1, x2, x3, x4, x5 – “Non-Zero Holding Stocks”
3) x2 – “Non-Zero Holding Stocks”
4) x1, x2, x4, x5 – “Non-Zero Holding Stocks”
5) x2, x3, x4, x5 – “Non-Zero Holding Stocks”
6) x4 – “Non-Zero Holding Stocks”
7) x5 – “Non Zero Holding Stocks”
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With the exception of the first regression for each date, I only use stocks with non-zero holdings
in the end of the quarter in the regressions. For the first regression model, the generalized
regression equation is:
𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡 = 𝛼 + 𝛽1 𝑥𝑖; 1,𝑡 + 𝛽2 𝑥𝑖; 2,𝑡 + 𝛽3 𝑥𝑖; 3,𝑡 + 𝛽4 𝑥𝑖; 4,𝑡 + 𝛽5 𝑥𝑖; 5,𝑡
where:
•

i goes from 1 to N, where N is the number of stocks in the dataset

•

x1 through x5 correspond to stock i’s tradable market cap (in logs) through Shanghai vs
Shenzhen listed status as described earlier in the section

The other regression models should be fairly clear without needing to write out the full form of
each model. To illustrate, I provide the full form of the third regression model with only x2:
𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡 = 𝛼 + 𝛽2 𝑥𝑖; 2,𝑡
where:
•

x2 corresponds to stock i’s total market cap. (in logs)

In words, the regression tests whether the dependent variable, level holdings, is significantly
affected by the predictor variables. Table 16 shows how the data is formatted for the 20140630
level regressions.
Table 16: 20140630 Level Regression Data Setup
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The above table is a subset of the data I use in my 20140630 level regression. I have inserted it
here merely to demonstrate how the data is organized in each of the regressions. These specific
stocks have zero holdings as of 20140630, but not all stocks have these characteristics.

Table 16 shows how a small subset of my data is organized in the 20140630 regression analysis.
The column headers in Table 16 are defined as follows:
•

20140630 % Holdings: Percentage of the stock held by all mutual funds as of June 30,
2014

•

Ln TdbleMktCap: The natural logarithm (LN) of tradeable market capitalization of the
stock

•

Ln TotlMktCap: The natural logarithm (LN) of total market capitalization of the stock

•

% Tradable: the tradable market capitalization (not logged) divided by the total market
capitalization (not logged)

•

2014Q2 Return: Return of the stock in the previous quarter (in this case 2014Q2)
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•

Shanghai (1) or Shenzhen (0): Whether the stock is listed on the Shanghai or Shenzhen
Stock Exchange

The first regression equation for the 20140630 regression can be expressed as:
𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 20140630
= 𝛼 + 𝛽1 𝑥𝑖; 1,20140630 + 𝛽2 𝑥𝑖; 2,20140630 + 𝛽3 𝑥𝑖; 3,20140630 + 𝛽4 𝑥𝑖; 4,20140630
+ 𝛽5 𝑥𝑖; 5,20140630
where:
•

𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 20140630 corresponds to “20140630” in Table 16

•

𝑥𝑖; 1,20140630 corresponds to “Ln TdbleMktCap” in Table 16

•

𝑥𝑖; 2,20140630 corresponds to “Ln TotlMktCap” in Table 16

•

𝑥𝑖; 3,20140630 corresponds to “% Tradable” in Table 16

•

𝑥𝑖; 4,20140630 corresponds to “2014Q2” in Table 16

•

𝑥𝑖; 5,20140630 corresponds to “Shanghai (1) or Shenzhen (0)” in Table 16

There are five other variations of a regression equation I use for 20140630, that were described
earlier in the section. Before discussing the regression results, I briefly review the modified
definition of “completeness” as well as the descriptive statistics in the next two sections.

10. 1. “Complete” Data in the Level Regression
The definition of “complete” data needs to be modified for the level regression.
“Complete” stocks means that CSMAR has data for the following criteria:
1. The percentage of that stock held by mutual funds as of the date relevant to that
regression
2. Tradable Market Capitalization as of that date
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3. Total Market Capitalization as of that date
4. Return data for the previous quarter
If any of the above criteria is missing for a given stock for a given date, that stock is considered
“incomplete” and is not included in the regression for that date. The other five regression models
use the same data as the first regression model. In other words, if a stock has data on x2, which is
total market capitalization, but not on some other criteria, that stock will not be considered in any
regression. This includes the regression where I use only x2 as a predictor variable. This way,
my data is standardized across regressions and I can compare results.
Within “complete” stocks are zero and non-zero stocks, as described in earlier sections.

10. 2. Descriptive Statistics for Level Regression
This section summarizes the descriptive statistics of the data I use in my level
regressions. As mentioned in the previous section, all of the data used in the regression is
“complete”.
Table 17: Descriptive Statistics for Level Regressions
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One interesting observation is that the natural logarithm of both tradable market
capitalization and total market capitalization is larger for the stocks that mutual funds hold than
for the ones they do not hold. This can be observed by comparing Ln TdbleMktCap and Ln
TotlMktCap for “Non-zero holding” stocks to those for “0 holdings” stocks. This observation is
true for every date. For example, on June 30, 2014, the average natural log of tradable market
cap was 15.61 for “non-zero holding” stocks, while for “0 holding” stocks it was 14.74. This
may indicate that mutual funds have a preference for holding shares of larger companies.
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Investing in large company shares comes with several benefits, such as more liquidity and better
research coverage.
Another observation is that “Shanghai (1) or Shenzhen (0)” is smaller for “Non-zero
holding” stocks than for “0 holding” stocks for four of the six dates. This could indicate that
mutual funds prefer holding stocks listed on the Shenzhen Stock Exchange. We will discuss this
observation in detail in the next section when we analyze regression results.
Lastly, the “% Tradable” mean values of around 75% - 80% are consistent with other
academic research.1
11. Level Regression Results
In this section I explain my level regression results and draw conclusions on this part of
the research. As discussed earlier, I ran regressions across seven different models (including “All
Stocks” and “Non-zero holding stocks”). For each of those seven models, I ran regressions
across six different dates from 20140630 to 20150930. Effectively, I ran 42 regressions for this
section. Rather than display all 42 regression results together, I will break up the results and
explain each segment. I begin by including the first 12 regressions below in Table 18.
Table 18: Level Regression Matrix - First Regression Model

The naming of variables in Table 18 follows the same pattern as described in section 10. That is:
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•

x1: Tradable market cap. (in logs)

•

x2: Total market cap. (in logs)

•

x3: % tradable

•

x4: Return from previous quarter

•

x5: Shanghai Stock Exchange (SHCOMP) Listed vs Shenzhen Stock Exchange
(SZCOMP) Listed

In the “All Stocks” regressions, x1 is statistically significant for all but one date. In addition, all
𝛽1s for the significant x1s are similar in size and order of magnitude. The 20140630 𝛽1
coefficient can be interpreted as: for a 1% increase in tradable market cap of a stock, mutual
funds will hold 0.044285%, or roughly 0.044% more of that stock. x2 is also statistically
significant for all but one date. However, the signs for 𝛽2 are all negative. This is counterintuitive, but can be explained by the high multicollinearity that likely exists between x1 and x2.
The same logic extends to x3, it does not make sense that 𝛽3 would be negative, but it is highly
interrelated with x1 and x2.
To circumvent this multicollinearity, I ran regressions using only x2 as a predictor
variable in Table 19 below. As the results in Table 19 would indicate, 𝛽2 is, in fact, positive for
every statistically significant date. This confirms the theory in the earlier paragraph that
multicollinearity is what caused the signs to all become negative.
Table 19: Level Regression with only x2 predictor variable
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Also in the “All Stocks” regressions of Table 18, x4 is statistically significant for four of
the six dates. On these four dates, 𝛽4 is always positive. In the “Non-zero holding stocks”
regressions, x4 is statistically significant for all but one date. The 20140630 𝛽4 coefficient in
“All Stocks” can be interpreted as follows: for a 1% increase in return of a stock over the
previous quarter, mutual funds will increase their holdings in that stock by 0.03205%, or roughly
0.032%. The positive 𝛽4 coefficients are intuitive, as mutual funds would obviously want to be in
stocks that are performing well. Again, momentum is showed to be a significant factor for
mutual funds.
In the “All Stocks” regressions, x5 is statistically significant for four of the six dates at
the 5% level and for all but one of the dates at the 10% level. In the “Non-zero holding stocks”
regressions, x5 is statistically significant for two dates at the 5% level and for three dates at the
10% level. In all the regression results, 𝛽5 is negative for every date. This means that if a stock
could theoretically change the index it is listed on from Shenzhen Stock Exchange (assigned
value of 0 in the regression) to the Shanghai Stock Exchange (assigned value of 1 in the
regression), then mutual funds would hold less of the stock. This is somewhat counter-intuitive.
The Shanghai Stock Exchange is considerably larger than the Shenzhen Stock Exchange, with
each having a total market capitalization of over 4.0 trillion USD and 3.2 trillion USD,
respectively.1 In most situations, it would seem reasonable to think that mutual funds would
rather own stocks listed in larger stock exchanges as those exchanges may get more coverage
from research analysts. This may be due to state ownership. There is less state ownership of
stocks in the Shenzhen Stock Exchange, so mutual funds may view this favorably.
When regressed in isolation, x4 and x5 appear even more statistically significant than
they are in Table 18. Table 20 shows the regressions with x4 isolated as the predictor variable.
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Table 20: Level Regression with only x4 predictor variable

The 20140930 regression now has a statistically significant 𝛽4 , with a p-value of 0.09%. The
sign of this predictor variable is negative, which is somewhat counterintuitive. It is the only 𝛽4
that is negative, so it is clearly not representative of all 𝛽4 s. Table 21 shows the regressions with
x5 isolated.
Table 21: Level Regression with only x5 predictor variable

In the isolated regressions, x5 is statistically significant in every period. Just as with the
original regressions in Table 18, 𝛽5 is negative in every period. This demonstrates a clear
preference of mutual funds to hold more of a company’s equity in the Shenzhen Stock Exchange
than in the Shanghai Stock Exchange.
In Tables E and F in the appendix, I run regressions without the x3 and x1 predictor
variables. In other words, Table E has the regression model:
𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡 = 𝛼 + 𝛽1 𝑥𝑖; 1,𝑡 + 𝛽2 𝑥𝑖; 2,𝑡 + 𝛽4 𝑥𝑖; 4,𝑡 + 𝛽5 𝑥𝑖; 5,𝑡
and Table F has the regression model:
𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡 = 𝛼 + 𝛽2 𝑥𝑖; 2,𝑡 + 𝛽3 𝑥𝑖; 3,𝑡 + 𝛽4 𝑥𝑖; 4,𝑡 + 𝛽5 𝑥𝑖; 5,𝑡
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The results are largely consistent with the results discussed earlier in the section. Removing one
variable alone does not completely remove the multicollinearity since x1, x2, and x3 are all
heavily related to each other.

11. 1. Level Regression Conclusion
The level regression appears to indicate the level holdings are influenced by all of the
predictor variables discussed earlier in the section:
•

x1: Tradable market cap. (in logs)

•

x2: Total market cap. (in logs)

•

x3: % tradable

•

x4: Return from previous quarter

•

x5: Shanghai Stock Exchange (SSE) Listed vs Shenzhen Stock Exchange (SZSE) Listed

In section 10, we defined the generalized regression equation as:
𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡 = 𝛼 + 𝛽1 𝑥𝑖; 1,𝑡 + 𝛽2 𝑥𝑖; 2,𝑡 + 𝛽3 𝑥𝑖; 3,𝑡 + 𝛽4 𝑥𝑖; 4,𝑡 + 𝛽5 𝑥𝑖; 5,𝑡
and walked through the interpretation of each variable. Later, we analyzed the descriptive
statistics as well as the level regression results.
The regressions suggested that every predictor variable, from x1 to x5, was statistically
significant with the level of holdings as the dependent variable. We noted the high
multicollinearity that likely exists between predictor variables x1, x2, and x3, so we isolated
variables in different regression models. We made the following observations: Mutual funds tend
to hold more of a stock if:
1) It has a large tradable market cap
2) It has a large total market cap
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3) It has a high return from the previous quarter
4) It is listed on the Shenzhen Stock Exchange
These observations are mostly intuitive. Larger companies would be more liquid and, thus, are
preferable for mutual funds to hold. They also likely have better research coverage and more
information publicly available. It also makes sense that mutual funds are likely to hold more of a
stock if it has a high return from the previous quarter. Mutual funds may use past returns as a
signal for future growth. Lastly, we observed that mutual funds are likely to hold more of a stock
if it listed on the Shenzhen Stock Exchange rather than the Shanghai Stock Exchange. Perhaps it
is because there is less government ownership of stocks on the Shenzhen Stock Exchange, and
this may be a desirable characteristic for mutual funds.
12. Concluding Remarks
The regression results above strongly suggest that mutual funds are momentum traders.
The original regression analysis show statistically significant coefficients for contemporaneous
return in five of the six quarters. Four of those five coefficients are positive. The lagged
regression analysis show statistically significant and positive coefficients for contemporaneous
return in every quarter. The original and lagged regressions indicate that if the return of a stock
in the contemporaneous quarter increases, then mutual funds will hold more of it.
The monthly regression results show statistically significant coefficients for every month
of the contemporaneous quarter for every quarter. Furthermore, these coefficients are all positive
and of similar magnitude. This strongly reinforces the conclusion that mutual funds are
momentum traders. The return of stocks in each month of the contemporaneous quarter
statistically significantly affects the change in holdings of stocks for the quarter. These results
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are largely intuitive. It makes sense that if a stock is doing well then mutual funds would want to
hold more of it.
The level regression results regress level holdings over a number of factors. Every one of
the factors below turned out to be statistically significant in nearly every quarter:
•

x1: Tradable market cap. (in logs)

•

x2: Total market cap. (in logs)

•

x3: % tradable

•

x4: Return from previous quarter

•

x5: Shanghai Stock Exchange (SSE) Listed vs Shenzhen Stock Exchange (SZSE) Listed

Due to issues with multicollinearity, we ran separate regressions isolating specific predictor
variables and drew the following conclusions. Mutual funds tend to hold more of a stock if:
1. It has a large tradable market cap
2. It has a large total market cap
3. It has a high return from the previous quarter
4. It is listed on the Shenzhen Stock Exchange
These results are all fairly intuitive, with the possible exception of the fourth observation which
we described in detail earlier in the paper.
None of the regression analyses indicate that mutual funds have predictive ability of
future stock returns. Even for the month right after the end of the quarter, as indicated by 𝛽4 in
the monthly regression analysis, mutual funds do not appear to have consistent predictive ability.
This, of course, would suggest the hypothesis in its original form is incorrect. Although the
hypothesis itself is incorrect, this research gave us insight into many of the other factors mutual
funds in China consider when investing in equities. Clearly, the framework discussed in this
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paper of analyzing mutual funds’ portfolio holdings to understand their investment criteria
proved insightful. I am very optimistic that more research in this area will generate very
interesting results in the future.
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Appendix
Table A: SHCOMP Index

Data is from Bloomberg Financial

Table B: SZCOMP Index

Data is from Bloomberg Financial

Table C: Transformed Dataset with Percentage of Equity Held
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The above table shows a small subset of the data after converting market value held in each
stock by all mutual funds to percentage of market capitalization of each stock held by all mutual
funds. There are blank values because of data unavailability in CSMAR. Specifically, either the
market value held in each stock in Chinese Yuan (RMB) was unavailable or the market
capitalization of the stock in Chinese Yuan (RMB) was unavailable.

Table D: 2014Q4 Single Predictor Regression
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Table D shows the regression output for a 2014Q4 single variable regression, with the
dependent variable being change in holdings in 2014Q4 and the predictor variable being
contemporaneous quarter return. The two highlighted values indicate that 𝛽1 in the regression is
negative with a statistically significant p-value (close to zero).

Table E: Level Regressions Excluding x3

Table E shows summarizes the results of level regressions across six different dates. The
regression model uses x1, x2, x4, and x5 as predictor variables. In other words, the regression
model is:
𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡 = 𝛼 + 𝛽1 𝑥𝑖; 1,𝑡 + 𝛽2 𝑥𝑖; 2,𝑡 + 𝛽4 𝑥𝑖; 4,𝑡 + 𝛽5 𝑥𝑖; 5,𝑡

Table F: Level Regressions Excluding x1

Table F shows summarizes the results of level regressions across six different dates. The
regression model uses x2, x3, x4, and x5 as predictor variables. In other words, the regression
model is:
𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝑠𝑖; 𝑡 = 𝛼 + 𝛽2 𝑥𝑖; 2,𝑡 + 𝛽3 𝑥𝑖; 3,𝑡 + 𝛽4 𝑥𝑖; 4,𝑡 + 𝛽5 𝑥𝑖; 5,𝑡

