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Do Mutual Funds Profit from Accruals and NOA Anomalies? 
 

Abstract 

Abstract: In this study, we examine three issues related to the accrual and the net 
operating assets (NOA) anomalies.  First, whether mutual funds trade on these anomalies.  
Second whether they are able to generate profits, net of transaction costs. Third, the 
reasons why such profits are not completely exploited.  Prior studies provide evidence on 
the first issue by examining the trading behavior of institutional investors in the context 
of the accruals anomaly.  However, there is little direct evidence on the second and the 
third issues. The primary reason, that prior studies do not address these issues is because 
they use data from 13F filings.  These data provide information on institutional holdings 
but do not provide information on their fund returns and fund flows, which are important 
for addressing these issues. 

We obtain data on mutual fund portfolio holdings from the 13F filings and on 
mutual fund returns and fund flows from CRSP.  We combine these data and provide the 
following results.  First, mutual funds actively follow both the accrual and the NOA 
anomalies.  Second, funds that follow these anomalies aggressively exhibit significant 
profits, net of actual transaction costs and fund expenses, suggesting that for the accrual 
and NOA anomalies transaction costs cannot completely explain the magnitude and 
persistence of these anomalies.  Finally, funds that more aggressively follow the 
anomalies have higher volatility in fund returns and fund flows, suggesting that residual 
profits are not completely arbitraged away because of inelastic supply of arbitrage capital 
induced by arbitrage risks (Shleifer and Vishny 1997). 
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Do Mutual Funds Profit from Accruals and NOA Anomalies? 

I. Introduction 

Investors’ naïve response to information is believed to be at the origin of many 

accounting-based market anomalies. Two typical examples are the accruals anomaly and 

the Net Operating Assets (NOA) anomaly. Sloan (1996) shows that the accruals anomaly 

– the negative correlation between accounting accruals and subsequent stock returns -- 

arises because investors “fixate” on reported earnings and fail to appreciate the difference 

in the persistence of accruals and cashflows.  Recently, Hirshleifer et al. (2004) report 

that firms with bloated net operating assets tend to have lower future stock returns. They 

attribute this to the limited attention of investors who narrowly focus on accounting 

profitability while neglecting cashflow profitability.1  Recently there has been a growing 

interest in the trading behavior of institutional investors in the presence of market 

anomalies. Institutions are generally considered sophisticated investors. Unlike many 

naïve investors who misreact to information, at least some sophisticated institutional 

investors should be aware of the mispricing and trade on it.  

In this study, we examine three related issues.  First, whether mutual funds trade 

on accrual and NOA anomalies.  Second whether they are able to generate profits, net of 

transaction costs.  Third, the reasons why such profits are not completely exploited.  Prior 

studies provide evidence on the first issue by examining the trading behavior of 

institutional investors in the context of the accruals anomaly.  However, there is little 

                                                 
1 Many other anomalies have also been attributed to investors’ mis-reaction to information. For example, 
the post earnings announcement drift may be due to investors’ failure to incorporate information from past 
earnings into their forecasts about future earnings (Bernard and Thomas (1989, 1990), and Freeman and 
Tse (1989). Lakonishok, Shleifer, and Vishny (1996) argue that anomalies related to earnings-to-price, 
book-to-market, and past sales growth is due to investors’ excessive extrapolation from past performance in 
their expectation of firms’ future performance.  
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direct evidence on the second and the third issues.2 The primary reason, that prior studies 

do not address these issues is because they use data from 13F filings.  These data provide 

information on institutional holdings but do not provide information on their fund returns 

and fund flows, which are important for addressing these issues. 

We obtain data on mutual fund portfolio holdings from 13F filings and on mutual 

fund returns and fund flows from CRSP.  We combine these data and provide the 

following results.  First, mutual funds actively follow both the accrual and the NOA 

anomalies.  Second, funds that follow these anomalies aggressively exhibit significant 

profits, net of transaction costs and fund expenses. 

If transaction costs do not completely eliminate the profits from anomaly-based 

trading, what have prevented mutual funds from pursuing arbitrage opportunities more 

aggressively? Another important type of frictions is short-sale constraints – most mutual 

funds are self-constrained not to take short positions in stocks. Short-sale constraints may 

potentially help explain why trading by mutual funds does not arbitrage away mispricing 

related to accruals and NOAs. However, even with short-sale constraints, the long 

positions taking advantage of market anomalies should still be profitless in theory as long 

as capital supply is fully elastic.  

Therefore, there must be other reasons why trading on anomalies remains 

profitable. We conjecture that this is due to the effect of nonelastic capital supply. A 

typical case of nonelastic capital supply is suggested by Shleifer and Vishny (1997). They 

argue that trading on mispricing is not completely riskless; in fact, it is often associated 

with substantial arbitrage risks. Because of asymmetric information, investors may 

                                                 
2 Indirect evidence on the second issue has been provided by using estimates of transaction costs. 
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withdraw money from delegated portfolio mangers when intermediate fund performance 

suffers due to such arbitrage risks, even though the arbitrage opportunities pursued by 

fund managers are ultimately profitable. In this case, mutual funds trade on mispricing 

less aggressively and market anomalies are not completely arbitraged away.  

This conjecture is confirmed by further empirical analysis. We find that as a result 

of bearing higher arbitrage risks in their portfolios, funds that more aggressively follow 

the anomalies have higher total return volatility and higher idiosyncratic return volatility 

than other funds. Higher return volatility, in turn, translates into more volatile response 

by investors – the volatility of flows to the more aggressive funds is also substantially 

higher than that for the other funds.  

 This paper makes the following contributions.  First, existing studies suggest that 

market frictions such as transaction costs may have played an important role in 

explaining the magnitude and persistence of anomalies as they may render anomaly-

based trading unprofitable.  Our study provides direct evidence that mutual funds 

generate returns net of transactions costs by trading on the accruals and NOA anomalies.  

Thus, for these anomalies transaction costs cannot completely explain the magnitude and 

persistence of these anomalies.   

Second, our finding that funds that are more aggressive exhibit greater volatility 

in fund returns and in fund flows provides support to Shleifer and Vishny’s (1997) 

conjecture on why mispricing may not be completely arbitraged away. Due to 

asymmetric information, investors may withdraw money from delegated portfolio 

managers when intermediate fund performance suffers due to arbitrage risks associated 
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with trading on anomalies.  As a result mutual funds trade on mispricing less 

aggressively. 

The remainder of this paper is organized in four sections. Section II provides a 

review of related literature. Section III describes the data and methodology. Section IV 

presents empirical results. Section V concludes. 

 

II. Related Literature 

A. The Accruals and NOA Anomaly 

The accruals anomaly refers to the negative relation between the current level of 

accounting accruals and future stock returns. In a seminal paper, Sloan (1996) documents 

that a hedge portfolio of buying stocks ranked in the bottom accruals decile and selling 

stocks in the top accruals decile generates over 10 percent abnormal return in the 

following year. The accruals anomaly is confirmed by many follow-up studies, e.g., Xie 

(2001), Hribar (2002), Thomas and Zhang (2002), and Chan et al (2004), who analyze the 

mispricing of different components of accruals. More recently, Hirshleifer, Hou, Teoh, 

and Zhang (2004) discover a related anomaly, namely the net operating assets (NOA) 

anomaly. A firm’s NOA, known as the balance sheet bloat, is the accumulation over time 

of the difference between net operating income and free cash flow. Hirshleifer et al. 

(2004) report that a hedge portfolio of buying firms in the bottom NOA decile and selling 

firms in the top NOA decile generates 12.7 percent abnormal return in the following 

year. 

A generally agreed explanation for the accruals anomaly is that, though the 

accrual component of earnings is less persistent than the cash flow component of 
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earnings (Dechow 1994; Dechow et al. 1998; Barth et al. 1999), investors fail to 

recognize the difference in persistence of accruals and cash flows. Hirshleifer et al. 

(2004) provide a similar explanation for the NOA anomaly that investors with limited 

attention focus on accounting profitability, and neglect information about cash 

profitability.

Lev and Nissim (2004) report that the accruals anomaly persists long after it is 

well-publicized. The persistence of this anomaly motivates researchers to examine firm 

characteristics for extreme accruals stocks. Among them, Desai et al. (2002), Richardson 

(2004), and Lev and Nissim (2004) report that extreme accruals stocks typically are small 

in size, low in liquidity, but high in systematic risk. Mashruwala, et al. (2004) finds that 

idiosyncratic volatility of stocks in extreme accruals decile is twice as high as those of 

firms in the median accruals decile. Similar finding is reported in Rajgopal and 

Venkatachalam (2005). Richardson (2004) argues that unfavorable characteristics of high 

accruals stocks, such as small size, low price, and low liquidity, potentially deter short-

sellers to trade on accruals information.  

The relationship between institutional holdings and the accruals anomaly is 

another issue debated in empirical studies. Walther (1997), Bartov, Radhakrishnan, and 

Krinsky (2000), and Cohen, Gompers, and Vuolteenaha (2002) provide evidence that 

institutional investors, on average, have superior ability to interpret financial information 

relative to individual investors and mitigate market mispricing through informed trading 

activities. However, evidence on the impact of institutional holdings on the accruals 

anomaly is mixed. Ali et al. (2000) find that the accruals anomaly is not mitigated among 

stocks with large institutional holdings. In contrast, Collins et al. (2003) suggest that high 
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institutional ownership reduces accruals mispricing. They also find that transient 

institutional investors, defined as institutions that hold active stakes and trade frequently 

in and out of stocks, are responsive to accruals information. Lev and Nissim (2004) also 

show that institutional investors are responsive to accruals information. They suggest that 

the coexistence of persistent accruals anomaly and the use of accruals information by 

institutional investors is due to the fact that unattractive firm characteristics of extreme 

accruals stocks limit the use of the accruals strategy by institutions.  

 

B. Mutual Funds 

Whether mutual funds have stock picking ability has been extensively examined 

in the literature. Jensen (1968) was perhaps the first to address this issue, with a negative 

conclusion. However, follow-up studies suggest that funds do have stock-picking ability. 

Grinblatt and Titman (1989, 1994), Ferson and Schadt (1996), Daniel et al. (1997), 

Wermers (1997 and 2000), and Cohen, Coval, and Pastor (2004), among others, show 

that mutual funds, particularly growth-oriented funds, outperform conditional and 

unconditional benchmarks. Grinblatt and Titman (1993) introduce a benchmark-free 

measure of fund performance and their result also indicates that fund managers on 

average have stock-selection ability. Kosowski et al. (2004) apply the bootstrap approach 

to examine if the performance of high-alpha funds comes from luck or genuine stock 

picking skills. Their analysis rejects the ``pure-luck" hypothesis for these star funds. 

Kacperczyk, Sialm, and Zheng (2004) argue that funds holding portfolios concentrated in 

fewer industries perform better after controlling for differences in risks and styles. 

Further, studies find mutual fund performance persists (Grinblatt and Titman 1992, 
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Hendricks, Patel, and Zeckhauser 1993, Brown and Goetzmann 1999, and Carhart 1997). 

Recent empirical evidence generally suggests that the persistence in fund performance 

reflects the cross-sectional difference in funds' stock picking ability. 

Despite the substantial evidence on fund stock picking ability, mutual funds on 

average underperform the market after transaction costs and expenses. Gruber (1995) 

reports underperformance of 0.65 percent per year and Wermers (2000) reports 

underperformance of 1 percent per year by an average fund. Transaction costs play an 

important role in explaining the underperformance.3 Grinblatt and Titman (1989) show 

that transaction costs account for 1.5 percent of fund TNA. Using estimated transaction 

costs based on Keim and Madhavan's (1997) method, Wermers (2000) shows that 

transaction cost accounts for 0.9 percent of fund TNA. Further, Chalmers, Edelen and 

Kadlac (2001) find that the difference in fund performance for funds in the highest and 

lowest transaction-cost quintiles is -3.2 percent. In summary, the impact of transaction 

costs on fund performance is significant. 

 

III. Data and Methodology 

A. Data 

We obtain financial statement data from Compustat and stock returns and prices 

from CRSP. Information about mutual funds is from two sources. The first is the CRSP 

Survivorship Bias Free Mutual Fund Database (hereafter “CRSP data”), which provides 

information on fund monthly returns and fund characteristics such as turnover and 

                                                 
3 Besides the academic evidence provided below, substantial anecdotal evidence shows that transaction 
costs greatly reduce fund performance. Cassidy (2004) documents a negative relation between fund 
performance and transaction costs. Clements (2005) provides examples that effectively reducing 
transaction costs leads to better performance and makes the fund more competitive. 
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expense ratio. The second is the Thomson Financial CDA/Spectrum Database (hereafter 

“CDA data”) that lists the shareholdings of equity mutual funds. The CDA data has 

quarterly holdings information for most funds, although for some funds the data is at 

semi-annual frequency. This dataset has been used in a number of previous studies, such 

as Daniel, Grinblatt, Titman, and Wermers (1997), Grinblatt and Titman (1989, 1993), 

and Wermers (2000, 2003).  Combining the CRSP and CDA databases allows us to 

obtain complete information on fund returns and fund portfolio holdings. 

In the CDA data, funds are classified into nine categories according to their self-

declared investment objectives: international, aggressive growth, growth, growth and 

income, municipal bonds, bond and preferred, balanced, metals, and unclassified. Our 

focus is on actively-managed U.S. domestic equity funds with the following three 

investment objectives: aggressive growth, growth, and growth and income. Initially, we 

obtain 3938 such funds from the CDA data. We then remove index funds, and foreign-

based funds, U.S.-based international funds, fixed-income funds, real estate funds, 

precious metal funds, and variable annuities that misreport their investment objective as 

aggressive growth, growth, and growth and income. The resulting sample has 3067 

unique funds.  

To combine the CRSP data with the CDA data, we first combine multiple share 

classes as a single fund. These multiple share classes differ in sales charges and targeted 

investor clientele, but have same portfolio compositions. They are treated as a single fund 

in the CDA data. We then merge the CRSP data with the CDA data manually by 

matching fund names and ticker symbols in the two datasets.4 The matching procedure 

                                                 
4 Fund ticker symbols are not available in the CDA data before after 1999. 
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follows Wermers (2000). We exclude fund-quarter observations if the total market value 

of reported holdings is less than 50 percent or more than 150 percent of the total net 

assets of the fund. The final matched database has 2,587 unique funds with qualified 

investment objectives.5 The details of the matching procedure can also be found in Jiang, 

Yao and Yu (2004).  

Table 1 reports the summary statistics for our mutual fund sample over the period 

of 1984 and 2003. Out of a total of 2587 funds, we have 1706 growth funds, 293 

aggressive growth funds, and 588 growth and income funds. We calculate the average 

fund characteristics data by first averaging over the time series data of each fund and then 

averaging across funds. During our sample period from1984 to 2003, the total net assets 

(TNA) of a typical fund in our sample is 482.41 million, with an annual return of 9.96%, 

an annual turnover ratio of 0.94, an annualized load of 0.30, and an annual expense ratio 

of 1.31%. The average fund age, calculated as the time between the first and last monthly 

return observations in the CRSP dataset, is 13.46 years. The mean number of stocks held 

in a fund is 97.78, while the median is 63.85. 

 

B. Methodology 

B.1 Measuring Accruals and Net Operating Assets 

Following Sloan (1996) and Chan et al (2004), we estimate individual stock 

accruals using the balance sheet and income statement information: 

Accruals = (∆CA + ∆CASH) – (∆CL - ∆STD - ∆TP) – DEP 

                                                 
5 Both the CRSP and CDA data are free from the survivorship bias. However, the CDA dataset is slow in 
adding new funds. Therefore, there are new funds already in the CRSP data but not in the CDA data yet. In 
terms of sample size, our merged data is comparable to those used in existing studies. See Jiang, Yao and 
Yu (2004) for a comparison of fund sample size. 
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   = (∆AR + ∆INV + ∆OCA) – (∆AP + ∆OCL) – DEP (1) 

where ∆CA is the change in current assets (Compustat item 4); ∆Cash is the change in 

cash/cash equivalents (item 1); ∆CL is the change in current liabilities (item 5); ∆STD is 

the change in debt included in current liabilities (item 34); ∆TP is the change in income 

taxes payable (item 71); and DEP is depreciation and amortization expense (item 14).  

∆AR is the change in account receivable (item 2); ∆INV is the change in inventories (item 

3); ∆OCA is the change in other current assets (item 4); ∆AP is the change in account 

payable (item 70); ∆OCL is the change in other current liabilities (item 68).  Consistent 

with other studies, we scale accruals by the average of the beginning and end of quarter 

total assets. To alleviate the influence of outliers, we remove the top and bottom one 

percentile accruals observations in each year.   

 Following Hirshleifer, Hou, Teoh and Zhang (2004), net operating assets are 

computed as: 

      NOA = (Operating Assets(OA) – Operating Liabilities (OL))/Lagged Total Assets  (2) 

where OA = total asset (item 6) – cash and short term investment (item 1), OL = total 

asset – STD – LTD – MI – PS – CE, STD = Debt included in current liabilities (item 34), 

LTD = Long Term Debt (item 9), MI = Minority Interests (item 38), PS = Preferred 

Stocks (item 130), and CE = Common Equity (item 60). Following Hirshleifer et al 

(2004), we treat the values of short-term debt, taxes payable, long-term debt, minority 

interest and preferred stock as zero if they are missing. Similarly we exclude the top and 

bottom one percentile of NOA observations in each year. 
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B.2 Characteristics-Adjusted Accruals and Net Operating Assets 

In addition to using raw accruals and NOA defined above, we construct 

characteristics-adjusted accruals and NOA. There are several reasons to control for stock 

characteristics in measuring anomaly-based trading by mutual funds. First, mutual funds 

with different investment styles often invest in different sub-universes of stocks (e.g., 

large cap growth, small cap value, etc.). Stocks in different sub-universes may have 

different levels of accruals and NOA on average. Secondly, Similar to other institutional 

investors, mutual funds may have certain preferences on the stocks, and such preferences 

may be uncorrelated with their stock selection ability, but may be related to accruals or 

NOA. Thirdly, it is well-known that mutual funds employ other investment strategies, 

such as momentum trading, which may be correlated with trading on the accruals and 

NOA anomalies. To control for these effects, in each year (referred to as the “accruals-

measurement year”) we perform the following cross sectional regression to estimate 

characteristics-adjusted accruals:  

Acc = α+β1 LgSize + β2 LgBM + β3MOM+ β4 InsHold+ β5(∆REV/ATA) 

                  + β6 (PPE/ATA) + ε           (3) 

where LgSize is the logarithm of stock market value, LgBM is the logarithm of book-to-

market ratio, measured by book value of equity at the end of the fiscal year that ends 

within the accruals measurement year (Compustat item 60) to market value of equity at 

the end of the accruals measurement year, and MOM is momentum, measured by the 

stock’s return during the last six months of the accruals measurement year. InsHold is the 

ratio of shares held by institutions divided by total shares outstanding of a stock at the 

end of the accruals measurement year.  To compute InsHold, we aggregate the number of 
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shares of a stock held by all institutions as reported in the 13F data for the end of accruals 

measurement year and divide it by the total shares outstanding of the stock. Note that in 

addition to the above stock characteristics, we also control for nondiscretionary accruals 

and the industry effect. (∆REV/ATA) is the difference of firms’ total revenue (Compustat 

item 12) during the fiscal year that ends in the accruals measurement year divided by the 

average total assets (Compustat item 6) at the end of the same period; PPE/ATA is the 

gross book value of property, plant and equipment (Compustat item 7) divided by the 

average total assets in the same year. We perform the regression each year within firms 

with the same two-digit SIC code. The characteristics-adjusted accruals are the estimated 

residuals of the cross-sectional regression. 

We construct the characteristics-adjusted NOA in a similar way. We perform 

following regression in each year for all sample firms and retain the estimated residuals 

as the characteristics-adjusted NOA:6

   NOA = α+β1 LgSize + β2MOM + β3 LgBM + β4 InsHold + ε       (4) 

 Table 2 compares the return-predictive power of characteristics-adjusted accruals 

and NOA to that of the raw variables. In April of each year t, we form equal-weighted 

decile portfolios of stocks ranked on raw accruals, raw NOA, characteristics-adjusted 

accruals, and characteristics-adjusted NOA. The portfolios are held from May of year t to 

April of year t+1, before rebalancing. If a stock is delisted during the holding period, we 

assume that its return during the remaining of the holding period is the CRSP delisting 

return. Following Shumway (1997), when the delisting return is missing, it is replaced by 

                                                 
6 Unlike the accruals regression (3), which is run within each industry, the NOA regression (4) is run on all 
firms. We find that once controlling for the industry effect, the residual NOAs have visibly lower power in 
predicting stock returns (Zhang 2005). 
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-30% if the delisting is performance related and zero otherwise. The sample period is 

from 1980 to 2003.  

From the table, it is clear that the predictive power of adjusted variables on future 

returns is quite similar to that of the raw variables. On average, the bottom decile sorted 

by characteristics-adjusted accruals (NOA) outperform the top decile by 8.54 (10.98) 

percent per year. The return spreads are of the same magnitude as those reported by Sloan 

(1996) and Hirshleifer et al. (2004). In Figure 1, we further plot the time series of the 

annual return spread between the top and bottom decile portfolios. They are positive in 

most years despite some fluctuations.  

 

B.3 Holding-Based Accruals Investing Measures and NOA Investing Measures 

To quantify how aggressively a fund trades on the accruals anomaly, we construct 

two holding-based accruals investing measures. The first is the negative of the weighted 

sum of portfolios’ market-adjusted accruals:  

MKT
tiHAIM ,,  =      (5) ∑

=
−−

n

j

MKT
tjtji AdjAccw

1
1,,, *

where  is the portfolio weights on stock j held by fund i in June of year t.tjiw ,,
7 

 is a stock’s accruals in calendar year t-1 in excess of the equal-weighted MKT
tjAdjAcc 1, −

                                                 
7 Occasionally, some funds report their holdings for a month that is not at a quarter-end. For all our 
analysis, we assume that the reported holdings are valid at the end of the reporting quarter. In addition, 
some funds report holdings semi-annually rather than quarterly. However, over 90 percent of funds in our 
sample report their holding in June each year. 
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average accruals in calendar year t-1 of all sample firms.8 n is the number of stocks held 

by a fund.    

We include a negative sign in the expression to make the measure positive for a 

fund that actively employs the accruals strategy. By construction, portfolios with 

randomly selected stocks would on average have zero . Further, a fund that holds 

more low-accruals and less high-accruals stocks than a random portfolio would tend to 

have a positive .  

MKT
tiHAIM ,,

MKT
tiHAIM ,,

For the reasons discussed in the previous section, our second measure uses 

characteristics-adjusted accruals instead of the raw accruals: 

CHAR
tiHAIM ,, =       (6) ∑

=
−−

n

j

CHAR
tjtj AdjAccw

1
1,, *

where  is the characteristics-adjusted accruals defined as the residual in (3). 

Again, a positive  indicates active use of the accruals strategy, after controlling 

for other factors affecting the level of accruals for stocks held by the fund. The higher 

the , the more aggressive a fund is in trading on the accruals anomaly. 

CHAR
tjAdjAcc 1, −

MKT
tiHAIM ,,

MKT
tiHAIM ,,

Similarly, we construct two holding-based NOA investing measures to quantify 

the aggressiveness of the trading of a fund on the NOA anomaly: 

MKT
tiHNIM ,_  =     (7) ∑

=
−−

n

j

MKT
tjtji AdjNOAw

1
1,,, *

CHAR
tiHNIM ,_ =     (8) ∑

=
−−

n

j

CHAR
tjtji AdjNOAw

1
1,,, *

                                                 
8 To ensure that the accounting variables are known before the holding information, we match portfolio 
weight in June of year t with the accruals data for all fiscal year ends in calendar year t-1. Implicitly, we are 
assuming here a 6-month reporting lag for annual financial statements.  
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where  is a stock’s NOA in calendar year t-1 in excess of the equal-weighted 

average NOA in calendar year t-1 of all sample firms.

MKT
tjAdjNOA 1, −

9  is a stock’s 

characteristics-adjusted NOA in calendar year t-1. Similar to the holding-based AIM 

measures, a positive  or  indicates that a fund actively uses NOA 

information when selecting stocks. 

CHAR
tjAdjNOA 1, −

MKT
HNIM CHAR

HNIM

 

B.4 Trading-based Accruals Investing Measures and NOA Investing Measures 

Different from the holding-based AIM and NIM, the trading-based measures use 

information in a fund’s portfolio weight change. The trading-based, market-adjusted AIM 

is the negative of the weighted sum of market adjusted accruals, where the weights are 

the portfolio weight changes during a one-year period:  

∑
=

−−−−=
n

j

MKT
tjtjitji

MKT
tjT AdjAccwwAIM

1
1,1,,,,,, *)(     (9) 

where  and  are portfolio weights in June of year t and t-1 and the accruals 

signal is from calendar year t-1. Following Grinblatt et al. (1997), to control for the effect 

of passive weight changes due to changes in stock prices, we calculate the portfolio 

weights  and  using the average of the beginning- and end-of-period share 

prices.   

tjw , 1, −tjw

tjw , 1, −tjw

We use the characteristics-adjusted accruals to control for the impact of other 

trading strategies and firm characteristics,   

                                                 
9 To ensure that the accounting variables are known before the holding information, we match portfolio 
weight in June of year t with the NOA data for all fiscal year ends in calendar year t-1. 

 17



∑
=

−−−−=
n

j

CHAR
tjtjitji

CHAR
tjT AdjAccwwAIM

1
1,1,,,,,, *)(    (10) 

The trading-based measures reflect the change of portfolio holdings in response to 

accruals/NOA information, whereas the holding-based measures reflect the value 

weighted average accruals or NOA of mutual funds relative to their benchmarks. When 

fund managers trade towards low-accruals stocks and against high-accruals stocks, we 

expect a positive trading-based AIM. 

Similarly, we construct the following two trading-based NOA investing measures:  

∑
=

−−−−=
n

j

MKT
tjtjitji

MKT
tiT AdjNOAwwNIM

1
1,1,,,,,, *)(    (11) 

     (12) ∑
=

−−−−=
n

j

CHAR
tjtjitji

CHAR
tiT AdjNOAwwNIM

1
1,1,,,,,, *)(

 

B.5 Fund Performance Measures 

To evaluate fund performance, we apply two sets of fund performance measures. 

Following Grinblatt and Titman (1989), Daniel, Grinblatt, Titman and Wermers (1997) 

and Wermers (2000), the first set of performance measure is the fund gross return, 

estimated on a quarterly basis as the buy-and-hold return on beginning-of-quarter 

portfolio holdings: 

∑∑
==

−+=
n

j
ttji

n

j
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1
,,

1
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where  is the portfolio weight of fund i on stock j at the beginning of quarter t,  is 

the buy-and-hold return of stock j in quarter t, and  is the risk-free return in quarter t. 

If a fund report portfolio holdings semiannually, we estimate their holding at the 

tjiw ,, tjR ,

tRF
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beginnings of the interim quarter by assuming that they complete half of the portfolio 

changes in each quarter. We exclude observations in the analysis if two reporting dates 

are more than six months apart.  

The annual fund performance calculated from equation (13) is the gross return 

before deducting fund expense ratio. To control for differences in fund expense ratios, we 

deduct quarterly expense ratios from the quarterly gross return and obtain the after-

expense gross return. To control for differences in risk exposure, we use the Fama-French 

3-factor model and the Carhart 4-factor model to compute risk-adjusted alphas.  

ttititiiit HMLhSMBsRMRFbGR εα ++++= ,   (14) 

  ttitititiiit UMDpHMLhSMBsRMRFbGR εα +++++= ,  (15) 

where  is the quarterly gross return (before or after fund expenses) of fund i in 

quarterly t in excess of the risk free rate (the yield on Treasury bills with three-month 

maturity). is the quarterly return on the NYSE/AMEX/NASDAQ value-weighted 

index in excess of the risk free rate; SMB

tiGR ,

tRMRF

t, HMLt, and UMDt  are the quarterly size, book-

to-market, and momentum factors.10 The intercept of the model, iα , is the quarterly risk-

adjusted performance measure.  

The second set of fund performance measures are based on the CRSP net fund 

returns, which are monthly fund returns after expense ratios and transaction costs. We 

perform similar risk adjustments using the 3-factor and 4-factor models to obtain 

estimated alphas.  

All the performance measures are reported in annual percentage term.  

                                                 
10 SMBt, HMLt, and UMDt are obtained from Ken French's website: 
http://mba.tuck.dartmouth.edu/pages/faculty/ ken.french/.   
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IV. Empirical Results 

A. Anomaly-based Trading by Mutual Funds 

A.1 Holding-based Measures 

We examine the holdings-based market-adjusted AIM and NIM measures 

(  and ) to see if mutual funds hold more low-accruals/NOA stocks than 

randomly selected portfolio. To be specific, we calculate the equal-weighted and value-

weighted averages of holding-based measures across all funds in each year, and calculate 

their time-series means. Reported in Table 3, the mean  and  are either 

negative or indifferent from zero. For example, the equal-weighted (EW) mean  

of our sample funds is -8.19, significant at the 1 percent level while the EW mean 

 is -2.11, insignificantly different from zero. We obtain similar results when 

breaking down funds by their investment objectives. At the first glance, this seems to 

suggest that mutual funds on average act just like naïve investors. However, when 

interpreting the results, we should keep in mind that as previously discussed, many other 

factors may affect mutual fund stock selection and their effects are not controlled for 

when using market-adjusted accruals or NOA.  We therefore focus more on the results 

based on the characteristics-adjusted AIM and NIM (  and ). Reported in 

Table 3, the mean  and  are significantly positive for all funds; they are 

also significant for subsamples of aggressive growth funds and growth funds. These 

results suggest that the mutual fund portfolio holdings tilt toward stocks with lower 

characteristics-adjusted accruals.  
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Figure 2 reveals the difference in portfolio holdings between the top and bottom 

fund deciles ranked by either  or . We first identify the top and bottom 

fund deciles by ranking funds in each year according to their AIM and NIM. D10 is the 

decile of funds most intensely using the accruals/NOA strategies, whereas D1 is the 

decile of funds least active (or those using the strategies in the opposite direction). We 

then sort stocks into deciles in each year based on their characteristics-adjusted accruals 

and NOAs. We obtain the fraction of stocks held in each characteristics-adjusted accruals 

(NOA) decile by the D10 and D1 funds, and compute the time series means of the 

fractions. For both  and , there are clear differences between the 

distributions for D1 funds and D10 funds. The investments of D10 funds tilt toward low 

accruals/NOA stocks while D1 funds invest more in high accruals/NOA stocks. To sum 

up, there is substantial difference in the intensity of anomaly-based investing. 
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A.2 Trading-based Measures 

Table 4 reports the results using the trading-based AIM and NIM. The trading-

based measures quantify the active changes in portfolio holdings in response to 

accruals/NOA information. For the reasons discussed previously, although we report 

results for both the market-adjusted measures and the characteristics-adjusted measures, 

we focus on the latter. The mean  is positive, significant at the one percent level 

for the full sample and for the subsamples of aggressive growth and growth funds. The 

mean  is also positive, but only significant at the ten percent level for the full 

sample, suggesting that mutual funds trade on the NOA anomaly less aggressively 

relative to their trading on the accruals anomaly. One possible explanation is that NOA 
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across stocks is fairly persistent (Hirshleifer et al. 2004). The strategy that takes 

advantage of the NOA anomaly therefore only requires low trading intensity.  

Also note that the accruals anomaly has been well published since the work of 

Sloan (1996), while the NOA anomaly is only recently documented by academic studies. 

Mutual fund trading on the latter is perhaps more likely to be coincidental: they make 

investment decisions through fundamental analysis, which happens to generate stock-

picking signals correlated with the NOA variable.  

We depict the distribution of stocks traded by extreme  ( ) fund 

deciles. Because trading involves both purchases and sales, we employ the following 

procedure to plot the distribution. Take the  measure for example. The first step is 

to compute the fraction of purchased value of stocks in each accruals decile for the D1 

(D10) funds. Second, we calculate the fraction of sold value of stocks in each accruals 

decile for D1 (D10) funds. Third, we compute the net trade for stocks in each accrual 

decile as the difference between the purchase and sales ratios. Finally, we compute the 

time series mean of the net trading percentages in each accrual decile for D10 (D1) funds. 
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Figure 3 shows that D10 funds more actively trade on the accruals or NOA 

information than D1 funds. For D10  funds, the net position in the lowest stock 

accruals decile is 4.1 percent (i.e., net buyers) while the net position in the highest stock 

accruals decile is -3.2 percent (net sellers). In words, funds most actively trading on 

accruals information take a net long position in low-accruals stocks and a net short 

positive in high-accruals stocks. By contrast, funds least actively trading on accruals 

information take a net short position in low-accruals stocks and a net long position in 

high-accruals stocks. The plot of net trading for the extreme  funds reveals a 
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similar pattern. Overall, there is significant cross-sectional difference in fund trading in 

response to accruals/NOA signals.  

 

A.3 Regression-based Analysis 

Lev and Nissim (2004) employ a cross-sectional regression approach to examine 

institutional trading on the accruals anomaly at individual stock level. Here we perform 

similar regressions for our results based on AIM and NIM. Take the characteristics-

adjusted accruals as an example. We perform the following regressions: 

εγγγβα +++++= −−−− 1
3
,1

2
,1,

1
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Equation (16) is to analyze determinants of fund holdings. The dependent variable, , 

is the percentage of all outstanding shares of stock j held by mutual funds in June of year 

t. Independent variables include characteristics-adjusted accruals as well as control 

variables return on assets (ROA), the inverse of stock price (1/Price), and the average 

monthly stock trading volume of the stock divided by its total shares outstanding 

(VOL).

tjih ,,

11 Equation (17) is to analyze the determinants of fund trading, where the 

dependent variable, , is the change in the percentage of all  outstanding shares of a 

stock held by mutual funds. The independent variables are the same as those in equation 

(16). The regressions are performed in each year across all stocks. The time-series means 

of the estimated coefficients are reported in Table 5. Similar regressions are also 

performed using characteristics-adjusted NOA as an explanatory variable. 

tjih ,,∆

                                                 
11 Lev and Nissim (2004) consider a battery of control variables. The control variables we use here are a 
subset of theirs. A few other variables are implicitly controlled for when we compute the characteristics-
adjusted accruals.   
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Consistent with Lev and Nissim (2004), we find that the coefficients for 

characteristics-adjusted accruals and NOA are significantly negative. This further 

confirms our conclusion that mutual funds on average actively trade on these anomalies. 

 

A.4 Determinants of Intensity of Anomaly-based Trading 

Next, we investigate the determinants of the intensity of anomaly-based trading. 

We perform Fama-MacBeth regressions of the accruals based intensity 

measures and  onto several fund characteristics as well as lagged 

intensity measures: 
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where LgAge is the log of fund age in the past year; LgTNA is the logarithm of TNA in the 

past year; Turn is the fund turnover ratio in the past year; Exp is fund expenses ratio in  

the past year. Similar regressions are performed for the NOA-based measures 

and .  CHAR
HNIM CHAR

TNIM

The results in Table 6 suggest that funds persistently use the accruals and NOA 

strategies. The average coefficients on lagged and  are 0.57 and 0.17, 

and the average coefficients on lagged and are 0.82 and 0.15. The 

evidence on the persistence of these measures is important. It suggests that the cross-

sectional difference in anomaly-based trading is not completely by chance; at least part of 

it is due to active and intentional fund strategy.  

CHAR
HAIM CHAR

TAIM

CHAR
HNIM CHAR

TNIM

 24



Some fund characteristics, such as fund size and turnover ratio, also have some 

consistent explanatory power on the trading intensity.  Large funds and high turnover 

funds seem to trade more intensely on both the accruals and NOA anomalies. 

   

B. Profitability of Anomaly-based Trading 

B.1 Fund Performance across Holding-based AIM and NIM 

In this subsection, we examine mutual fund performance associated with 

anomaly-based trading. Table 7 compare the average subsequent-year annual gross 

returns across funds in different  and  deciles, where funds in the D1 

decile are those with the lowest  or , and funds in the D10 decile are 

those with the highest  or . D10 funds significantly outperform D1 funds 

in the year subsequent to portfolio formations.  
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Part of the gross return is expense ratio. To see if the difference is due to 

difference in expense ratio, we subtract expense ratio from the gross return and examine 

the after-expense gross return for funds in different  and  deciles. The 

results, also in Table 7, show that expense ratio does not explain the performance 

difference. The performance gap between D10 and D1 funds is similar to that before 

expense adjustment.  
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In Table 8, we further compare fund net returns across  and  

deciles. The spreads in the EW and VW average net returns between the two extreme 

 fund deciles are 3.19 percent and 2.74 percent. The differences in 3-factor 

alphas and 4-factor alphas are at the same magnitude. For , the EV and VW net 
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return spreads are 3.08 percent and 2.86 percent. The differences in 3-factor and 4-factor 

alphas are slightly lower, but remain statistically significant.  

The spreads in net returns are lower than the spreads in after-expense gross 

returns. A main component of the difference between these two performance measures is 

transaction costs. A number of studies, including Grinblatt and Titman (1989) and 

Wermers (2000), have used such difference as a measure of transaction costs. Recently, 

Kacperczyk, Sialm, and Zheng (2005) examine various factors that may potentially affect 

this measure, including intra-quarter trading and window dressing activities. Their 

evidence confirms that transaction cost is a main component. From this point of view, 

transaction costs reduce the profitability of anomaly-based trading by as high as 1.32 

percent (for ) and 1.51 percent (  ), based on results for equal-weighted 

fund deciles. The numbers are quite significant; they also support the premise of Lev and 

Nissim (2004) that transaction costs are an important impediment to anomaly-based 

trading by sophisticated investors.  
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B.2 Fund Performance across Trading-based Measures 

Table 9 shows that in terms of gross returns, trading on the accruals anomaly is 

profitable, whereas the profit from trading on the NOA anomaly appears to be slim. For 

, before deducting fund expense ratios, D10 funds outperform D1 funds by 3.19 

percent in their EW gross returns. The results remain similar after expenses and after risk 

adjustments. In contrast, for , the spread between D10 and D1 funds is 

insignificantly positive. This seems to be consistent with the fact that funds trade less 

intensively on the NOA anomaly on average, as reported in Table 5.  
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In Table 10, we further documents performance differences in terms of net 

returns. The patterns are similar to those for gross returns. Accruals-based trading is more 

profitable than NOA-based trading. Also note that the spread in net return is lower than 

the spread in after-expense gross return, similar to the patterns in holding-based 

measures. The difference here, however, is smaller.  

The results in Table 7 through Table 10 have several important implications. First, 

transaction costs significantly affect the profitability of anomaly-based trading. Second, 

despite significant transaction costs, trading on anomalies, especially on the accruals 

anomaly, remains profitable. The importance of the second implication can be better 

understood from the perspective of a financial market with perfectly elastic supply of 

arbitrage capital. In such a financial market, sophisticated investors would aggressively 

trade on an anomaly until such trading becomes unprofitable. In the presence of 

transaction costs, mispricing would not be completely eliminated, but the profit of 

anomaly-based trading would be completely eliminated due to perfect capital supply. 

Therefore, transaction costs alone cannot completely explain why trading on accruals 

anomaly remains profitable. 

 

B.3 The Effect of Arbitrage Risk 

Transaction costs, of course, are not the only type of market frictions that serve as 

limits to arbitrage. Another important type of friction is short-sale constraints. For various 

reasons, mutual funds are self-constrained not to take short positions in stocks (see, e.g., 

Almazan et al. (2004)). Short-sale constraints, however, can be viewed as a special type 

of transaction costs and its role should be similar to transaction costs. In a market with 
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short-sale constraints but perfect supply of arbitrage capital, mutual funds would take 

aggressive long positions in undervalued stocks until such investments become 

unprofitable.  

We conjecture that the co-existence of continued profitability of anomaly-based 

trading and the continued existence of anomalies is mainly due to inelastic supply of 

arbitrage capital. A typical case of inelastic capital supply is suggested by Shleifer and 

Vishny (1997). They argue that trading on mispricing is not completely riskless; in fact, it 

is often associated with substantial arbitrage risks. Because of asymmetric information, 

investors may withdraw money from delegated portfolio mangers when intermediate fund 

performance suffers due to such arbitrage risks, even though the arbitrage opportunities 

pursued by fund managers are ultimately profitable. In this case, mutual funds trade on 

mispricing less aggressively, such trades remain profitable, and market anomalies are not 

completely arbitraged away.  

To examine the effect of arbitrage risks, we perform the following two sets of 

analysis. First, we test whether higher arbitrage risks in the stocks mutual funds invest in 

lead to higher volatility of fund returns.12  Arbitrage risks, in the definition of Shleifer 

and Vishny (1997), are idiosyncratic risks of mispriced securities. Such risks may not be 

fully diversified away in an arbitrage portfolio because arbitrage opportunities are limited 

and scarce. As a result, higher arbitrage risks translate into higher volatility in fund 

performance. 

In each year, we compute both the average standard deviation of net returns and 

the average standard deviation of the idiosyncratic component of net returns for funds in 

                                                 
12 Mashruwala, et al. (2004) document that stocks with higher accounting accruals have higher arbitrage 
risks as measured by the standard deviation of idiosyncratic returns.  
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each decile ranked by characteristics-adjusted AIM and NIM. We use both the holding-

based and trading-based measures. The idiosyncratic component of fund return is the 

estimated residual from the 3-factor and 4-factor models. We then compute the time-

series means of these volatility measures. The reported results in Table 11 confirm the 

effect of arbitrage risks – relative to funds ranked in the middle deciles, funds ranked in 

the top decile of trading-based AIM and NIM have higher net return volatility and 

idiosyncratic return volatility.  

In the second set of analysis, we test whether investors are sensitive to interim 

performance of funds trading on anomalies. In the theory of Shleifer and Vishny (1997), 

investors rely on interim fund performance to infer managers’ ability. If fund 

performance suffers temporarily, investors will withdraw money, thereby undermining 

fund managers’ arbitrage positions. This suggests that flows to funds engaging in 

arbitrage trading are also volatile. We therefore compute the average standard deviation 

of monthly flows to funds in each characteristics-adjusted AIM and NIM decile ranking, 

and report their time series means in Table 12. Both holding-based and trading-based 

measures are used. Fund flow is defined as  
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where TNA is the total net assets reported in each month and Rit is fund monthly return. 

Idiosyncratic fund flow volatility is the standard deviation of the residuals from 

regressing flow on logarithm of fund size, total fees, and average monthly fund net return 

in year t-1.The results confirm the above hypothesis – the volatility of flows is 

substantially higher for funds ranked in the top decile, relative to that in the middle 
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deciles. Such volatile investor response limits fund managers’ aggressiveness in pursuing 

mispricing opportunities.  

 

V. Conclusion 

In this paper, we examine whether mutual funds profit from two accounting-based 

anomalies: the well known accruals anomaly and the recently discovered NOA (net 

operating assets) anomaly. We find that mutual funds on average actively trade on these 

anomalies and profit from it. The evidence suggests that transaction costs have not 

completely prevented mutual funds from profiting on market anomalies but at the same 

time mutual funds have not traded aggressively enough to exploit the mispricing 

completely. Further analysis suggests that the patterns are consistent with inelastic supply 

of arbitrage capital induced by arbitrage risks.  Funds that more aggressively follow the 

anomalies exhibit higher volatility in fund returns and in fund flows. Shleifer and Vishny  

(1997) argue that because of asymmetric information, investors withdraw money from 

the funds when intermediate fund performance suffers due to arbitrage risk.    
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Table 1 
Summary Statistics 

 
Table I reports summary statistics of the mutual fund sample. Total net assets, annual return, turnover, 
annual load, expenses ratio, average and median numbers of stocks held are first averaged over time for 
each fund, and then averaged across funds. Annual load is calculated as the total load divided by 7. Age is 
defined as the time between the first and last reported monthly fund return in the CRSP data. “AGG” refers 
to aggressive growth funds, “GRO” growth funds and “G&I” growth and income funds. 
 
 All Funds AGG GRO G&I 
 Number of funds 2587 293 1706 588 
Total Net Assets ($ Millions) 482.41 545.95 397.40 773.54 
Annual Return (%/year) 9.96 11.76 9.98 9.71 
Turnover (%/year) 94.30 112.73 97.54 73.22 
Annual Load (%/year) 0.30 0.39 0.27 0.35 
Expense Ratio (%/year) 1.31 1.43 1.34 1.19 
Age 13.46 17.21 11.88 16.10 
Average number of stocks held 97.78 94.06 99.10 85.56 
Median number of stocks held 63.85 68.04 63.43 61.94 
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Table 2 
Returns to Stock Decile Portfolios Sorted by Accruals and Net Operating Assets 

 
At the end of April of each year t we form equal-weighted portfolios of stocks based on their accruals, 
NOA, as well as characteristics-adjusted accruals and NOA. The portfolios are held from May of year t to 
April of year t+1. We report the average returns to these decile portfolios during the period from 1984 to 
2003.  
 

 Sorted by Accruals  
(%/year) 

Sorted by NOA 
 (%/year) 

 Raw  Char-adj.  Raw Char-adj. 
Lowest 19.28 19.90 19.20 19.85 
2 17.96 18.60 18.44 19.08 
3 18.52 18.47 18.51 19.20 
4 18.04 16.41 18.32 19.25 
5 16.40 15.73 17.61 17.13 
6 16.36 16.86 16.83 16.80 
7 15.62 15.58 15.50 15.97 
8 14.51 14.35 15.01 16.01 
9 12.90 14.34 13.11 13.56 
Highest 9.32 11.36 8.78 8.87 
Hedge (D1-D10) 9.96 8.54 10.42 10.98 
(t-stat) (5.07) (5.96) (4.28) (5.38) 
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Table 3 
Holding-based AIM and NIM 

 
Table 3 reports the average holding-based accruals investing measures (AIM) and NOA investing measures 
(NIM) for the sample mutual funds from 1984 to 2003. In each year, we compute the equal-weighted and 
value-weighted averages of AIM and NIM. Their time-series means are reported in the table.  
 

 AIM NIM 
   
 Market-adj. Char-adj. Market-adj. Char-adj.
 EW VW EW VW EW VW EW VW 
All Funds -8.19 -4.13 5.78 7.45 -2.11 -1.71 3.63 6.25 
t-stat (-3.31) (-1.36) (11.00) (12.94) (-1.39) (-0.29) (5.21) (8.90) 
         
AGG -10.69 -9.06 5.57 8.54 -2.85 -8.32 4.96 6.99 
t-stat (-9.80) (-6.40) (8.90) (10.44) (-2.50) (-1.70) (2.48) (4.92) 
         
GRO -7.49 -5.56 6.13 8.49 -1.78 -2.68 4.21 6.17 
t-stat (-2.92) (-1.87) (10.47) (13.55) (-1.24) (-0.43) (2.39) (4.30) 
         
G&I 0.14 2.37 5.39 5.80 -1.73 1.77 2.88 6.50 
t-stat (0.04) (0.62) (7.59) (6.88) (-1.18) (0.28) (0.62) (2.64) 
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Table 4 
Trading-based AIM and NIM 

 
Table 4 reports the average trading-based accruals investing measures (AIM) and NOA investing measures 
(NIM) for the sample mutual funds from 1984 to 2003. In each year, we compute the equal-weighted and 
value-weighted averages of AIM and NIM. Their time-series means are reported in the table.  
 

 AIM NIM 
 Market-adj. Char-adj. Market-adj. Char-adj.
 EW VW EW VW EW VW EW VW 
All Funds -0.28 -0.00 1.10 1.28 -2.04 -1.22 1.58 2.23 
t-stat (-0.73) (-0.02) (3.81) (3.49) (-1.21) (-0.83) (1.85) (1.95) 
         
AGG 0.96 1.28 1.79 1.98 -3.23 -2.31 2.09 2.89 
t-stat (1.42) (1.23) (3.84) (3.88) (-1.99) -(1.56) (2.75) (1.98) 
         
GRO -0.21 0.42 1.27 1.75 -1.98 -1.35 1.68 2.18 
t-stat (-0.43) (0.55) (3.74) (3.83) (-1.36) (-0.65) (2.22) (1.63) 
         
G&I -1.31 -1.13 0.30 0.43 -0.32 -0.94 1.31 1.00 
t-stat (-3.12) (-1.98) (1.20) (1.10) (-0.29) (-0.50) (1.38) (0.62) 
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Table 5 

Regressions of Fund Holding and Trading on Accruals and NOA 
 

Table 5 reports the average coefficients of annual stock-level cross-sectional regressions of aggregated fund 
holding and trading on characteristics-adjusted accruals and NOA, as well as control variables. For the 
holding-based regressions, the dependent variable is the percentage of outstanding shares of a stock held by 
all funds in June of year t. For the trading-based regressions, the dependent variable is the change in the 
percentage of outstanding shares of a stock held by all funds. Control variables include returns on assets 
(ROA), the inverse of stock price (1/Price), and the average monthly stock trading volume divided by total 
shares outstanding (VOL). 
 

 Char-adj. Accruals Char-adj. NOA 
 Holding Trading Holding Trading 

Intercept 5.94 
(7.14) 

1.08 
(1.47) 

5.61 
(7.57)) 

1.01 
(1.48) 

Char-adj. Accruals -1.79 
(-2.73) 

0.98 
(2.05) 

  

Char-adj. NOA   -0.12 
(-1.83) 

-0.20 
(1.67) 

ROAt-1 3.16 
(6.94) 

0.30 
(1.26) 

3.47 
(7.48) 

0.34 
(1.29) 

1/PRICEt-1 -4.93 
(-6.93) 

-0.66 
(-2.47) 

-4.42 
(-7.20) 

-0.62 
(-2.74) 

VOLt-1 28.28 
(3.75) 

-3.54 
(-0.34) 

27.76 
(3.81) 

-3.58 
(-0.35) 

Adjusted R2 0.13 0.08 0.13 0.08 
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Table 6 

Determinants of AIM and NIM 
 
Table 6 reports the average coefficients of Fama-MacBeth regressions of holding-based and trading-based 
AIM or NIM on their lagged measures and fund characteristics. LogAge is the logarithm of fund age, 
LogTNA is the logarithm of fund total net assets, Turnover is annual fund turnover, and expense is the 
expense ratio.  
 
 

 Char-adj. AIM Char-adj. NIM 
 Holding 

AIM*103
Trading 

AIM*103
Holding 
NIM*103

Trading 
NIM*103

Intercept 0.86 
(0.56) 

-0.40 
(-0.35) 

-0.81 
(-0.21) 

6.25 
(1.50) 

Lagged Holding AIM*103 0.57 
(12.75) 

   

Lagged Trading AIM*103  0.17 
(1.92) 

  

Lagged Holding NIM*103   0.82 
(38.96) 

 

Lagged Trading NIM*103    0.15 
(2.09) 

LogAget-1 0.28 
(1.30) 

-0.08 
(-0.52) 

1.01 
(1.94) 

-0.14 
(-0.21) 

LogTNAt-1 0.34 
(2.37) 

1.21 
(1.85) 

1.68 
(2.48) 

2.10 
(2.04) 

Turnovert-1 1.19 
(3.19) 

0.64 
(1.69) 

1.67 
(1.43) 

2.19 
(2.84) 

Expenset-1 -24.36 
(-0.47) 

37.35 
(0.68) 

-66.03 
(-0.63) 

-78.19 
(-1.54) 

Avg. Adjusted R2 0.28 0.03 0.45 0.05 
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     Table 7 
Gross Returns for Funds Sorted by Holding-based AIM and NIM 

 
Table 7 reports average annual gross returns across mutual fund deciles ranked by holding-based AIM and 
NIM for the period of 1984 to 2003. The gross returns are both before and after adjusting for expense 
rations. AIM and NIM are based on characteristics-adjusted accruals and NOA. D10-D1 represents the 
return spread between the top and bottom fund deciles.  
 

 

 Sorted by Holding AIM (%/year) Sorted by Holding NIM (%/year) 
 Before Expenses After Expense Before Expense After Expense 
 EW VW EW VW EW VW EW VW 

D1 12.63 12.11 11.24 11.04 12.78 12.07 11.37 11.09 
2 13.54 11.85 12.25 10.71 13.51 12.25 12.28 11.34 
3 13.91 13.38 12.73 12.40 14.11 13.33 12.93 12.40 
4 14.37 13.76 13.21 12.99 14.16 13.41 13.04 12.57 
5 14.47 14.38 13.27 13.50 14.48 13.39 13.24 12.34 
6 14.69 14.66 13.55 13.81 14.91 15.27 13.76 14.39 
7 14.42 14.25 13.36 13.45 14.71 14.12 13.55 13.20 
8 15.10 15.23 13.96 14.46 14.87 13.75 13.77 13.01 
9 15.90 15.74 14.75 14.81 15.32 14.45 14.09 13.33 

D10 16.95 16.27 15.75 15.17 17.26 15.28 15.96 14.21 
D10-D1 4.32 4.16 4.51 4.13 4.48 3.21 4.59 3.12 

t-stat (2.12) (1.96) (2.21) (1.90) (2.05) (1.87) (2.08) (1.92) 
3-factor α 4.96 4.02 4.24 7.34 3.12 2.85 3.32 2.75 

t-stat (3.33) (3.13) (3.54) (3.23) (2.79) (1.92) (2.87) (1.84) 
4-factor α 4.28 3.77 4.52 3.90 2.85 2.46 2.97 2.22 

t-stat (2.00) (1.97) (2.17) (1.92) (2.04) (1.93) (2.11) (1.78) 
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Table 8 
Net Returns for Funds Sorted by Holding-based AIM and NIM 

 
Table 8 reports average annual net returns across fund deciles ranked by holding-based AIM and NIM for 
the period of 1984 to 2003. AIM and NIM are based on characteristics-adjusted accruals and NOA. D10-
D1 represents the return spread between the top and bottom fund deciles.  

 
 

  Sorted by Holding AIM (%/year) Sorted by Holding NIM (%/year) 

 EW VW EW VW 
D1 11.80 11.09 12.00 11.04 
2 12.13 10.61 12.09 11.44 
3 12.50 12.16 12.76 12.18 
4 13.04 12.72 12.57 12.45 
5 12.73 12.73 12.88 12.11 
6 13.05 13.67 13.21 13.58 
7 12.89 12.97 13.09 12.64 
8 13.18 13.87 12.91 12.64 
9 13.93 13.11 13.86 13.24 

D10 14.99 13.83 15.08 13.90 
    D10-D1 3.19 2.74 3.08 2.86 

t-stat (2.23) (2.07) (1.97) (1.84) 
3-factor α 3.84 3.83 2.65 2.10 

t-stat (3.20) (2.68) (2.15) (1.86) 
4-factor α 3.20 2.99 2.86 2.20 

t-stat (2.02) (1.93) (2.39) (1.86) 
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Table 9 
Gross Returns for Funds Sorted by Trading-based AIM and NIM 

 
Table 9 reports average annual gross returns across mutual fund deciles ranked by trading-based AIM and 
NIM for the period of 1984 to 2003. The gross returns are both before and after adjusting for expense 
rations. AIM and NIM are based on characteristics-adjusted accruals and NOA. D10-D1 represents the 
return spread between the top and bottom fund deciles.  
 

 

 Sorted by Trading AIM (%/year) Sorted by Trading NIM (%/year) 
 Before Expenses After Expense Before Expense After Expense 
 EW VW EW VW EW VW EW VW 

D1 13.75 13.21 12.44 12.32 14.76 14.03 13.27 13.07 
2 14.71 14.22 13.54 13.31 14.42 13.28 13.18 12.39 
3 14.09 13.46 12.96 12.52 14.05 14.14 12.82 13.24 
4 15.27 13.96 14.20 13.03 13.96 14.15 12.89 13.35 
5 14.04 13.56 12.91 12.76 14.45 13.80 13.39 13.01 
6 14.38 14.05 13.27 13.27 14.56 13.76 13.47 13.42 
7 14.04 14.13 12.86 13.22 14.11 13.37 13.89 13.83 
8 15.33 15.29 14.13 14.35 14.90 14.18 13.69 13.63 
9 15.88 15.35 14.64 14.17 15.76 14.89 14.58 14.00 

D10 16.94 15.96 15.67 14.97 16.47 15.46 15.01 14.32 
D10-D1 3.19 2.75 3.23 2.65 1.71 1.43 1.24 1.25 

t-stat (2.06) (2.00) (2.13) (1.96) (1.30) (1.04) (1.31) (0.87) 
3-factor α 3.32 3.79 3.46 3.76 1.60 1.09 1.54 1.00 

t-stat (3.19) (2.42) (3.23) (2.43) (1.74) (0.81) (1.49) (0.71) 
4-factor α 2.43 2.20 2.48 2.17 1.52 0.86 1.52 1.06 

t-stat (2.17) (2.08) (1.98) (1.96) (1.43) (0.79) (1.23) (0.64) 
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Table 10 
Net Returns for Funds Sorted by Trading-based AIM and NIM 

 
Table 10 reports average annual net returns across fund deciles ranked by trading-based AIM and NIM for 
the period of 1984 to 2003. AIM and NIM are based on characteristics-adjusted accruals and NOA. D10-
D1 represents the return spread between the top and bottom fund deciles.  

 

 

 Sorted by Trading AIM (%/year) Sorted by Trading NIM (%/year) 

 EW VW EW VW 
D1 12.30 11.34 12.55 12.52 
2 12.81 12.24 12.67 11.79 
3 12.56 11.89 12.68 12.50 
4 13.79 13.01 12.82 13.20 
5 12.59 12.83 13.12 12.83 
6 12.91 12.98 13.16 13.01 
7 12.19 12.78 12.47 12.38 
8 13.66 13.36 13.30 12.52 
9 14.19 13.07 13.56 13.11 

D10 14.91 13.69 14.10 13.59 
D10-D1 2.61 2.35 1.55 1.07 

t-stat (1.95) (1.81) 1.29 0.64 
3-factor α 3.43 2.70 1.53 1.22 

t-stat (2.98) (2.09) 1.39 1.04 
4-factor α 2.28 1.88 1.20 1.07 

t-stat (1.88) (1.78) 1.33 0.89 
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Table 11 
Fund Return Volatility Sorted by AIMs and NIMs 

 
Table 11 reports average standard deviation of fund net returns and average standard deviation of fund 
idiosyncratic returns estimated from the 3-factor and 4-factor models in each fund decile sorted by holding-
and trading-based characteristics-adjusted AIMs and characteristics-adjusted NIMs. Panel A is for holding-
based measures. Panel B is for trading-based measures 
 
Panel A: Fund Return Volatility based on Holding-based Measures 

 

 Sorted by Holding AIM (%) Sorted by Holding NIM (%) 
 Total 

Risk 
3-factor 

Idiosyncratic 
Risk 

4-factor 
Idiosyncratic 

Risk 

Total Risk 3-factor 
Idiosyncratic 

Risk 

4-factor 
Idiosyncratic 

Risk 
D1 5.24 2.03 1.95 5.35 2.05 2.00 
2 4.76 1.69 1.63 5.21 1.86 1.79 
3 4.58 1.59 1.52 5.09 1.71 1.64 
4 4.59 1.51 1.47 4.84 1.61 1.53 
5 4.52 1.38 1.32 4.76 1.52 1.45 
6 4.63 1.40 1.35 4.70 1.46 1.39 
7 4.69 1.39 1.33 4.62 1.37 1.32 
8 4.71 1.39 1.33 4.52 1.32 1.27 
9 4.98 1.55 1.48 4.48 1.32 1.28 

D10 5.89 2.07 2.00 5.00 1.79 1.74 
D10-D5 1.37 0.69 0.68 0.30 0.27 0.29 

t-stat (5.99) (7.72) (6.97) (2.65) (3.91) (4.24) 

Panel B: Fund Return Volatility based on Trading-based Measures 

 Sorted by Trading AIM (%) Sorted by Trading NIM (%) 
 Total 

Risk 
3-factor 

Idiosyncratic 
Risk 

4-factor 
Idiosyncratic 

Risk 

Total Risk 3-factor 
Idiosyncratic 

Risk  

4-factor 
Idiosyncratic 

Risk 
D1 5.08 1.76 1.70 5.12 1.76 1.69 
2 4.77 1.60 1.54 4.84 1.64 1.57 
3 4.60 1.49 1.42 4.78 1.53 1.48 
4 4.55 1.53 1.47 4.63 1.48 1.42 
5 4.50 1.43 1.38 4.58 1.39 1.33 
6 4.57 1.34 1.29 4.50 1.33 1.29 
7 4.57 1.42 1.36 4.63 1.43 1.37 
8 4.76 1.49 1.42 4.73 1.51 1.45 
9 5.04 1.63 1.57 4.98 1.66 1.59 

D10 5.86 2.00 1.92 5.51 1.99 1.91 
D10-D5 1.36 0.57 0.54 0.93 0.60 0.58 

t-stat (9.64) (7.55) (7.83) (6.99) (4.21) (4.36) 
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Table 12 
Fund Flow Volatility Sorted by AIMs and NIMs 

 
Table 12 reports average standard deviations of fund flows and idiosyncratic flows in year t in each fund 
decile sorted by characteristics-adjusted AIMs and characteristics-adjusted NIM of year t-1. Total fund 
flow volatility is the annual standard deviation of monthly fund flows. Idiosyncratic fund flow volatility is 
the standard deviation of the residuals when regressing flow on (1) logarithm of fund size, (2) total fees, 
and (3) average monthly fund net return in year t-1. Panel A is for holding-based measures. Panel B is for 
trading-based measures.  
  
Panel A: Flow Volatility for Funds Ranked by Holding-based AIM and NIM 

 

 Sorted by Holding AIM (%) Sorted by Holding NIM 
 Flow Volatility Idiosyncratic Flow 

Volatility 
Flow Volatility Idiosyncratic Flow 

Volatility 
D1 8.96 8.96 8.69 8.72 
2 8.13 8.00 8.54 8.51 
3 7.59 7.63 8.05 7.97 
4 7.66 7.56 8.28 8.11 
5 7.16 7.11 7.73 7.63 
6 7.39 7.24 7.67 7.55 
7 7.52 7.49 7.56 7.29 
8 7.54 7.33 7.25 7.19 
9 7.80 7.66 7.38 7.22 

D10 9.74 9.52 8.39 8.37 
D10-D5 2.58 2.41 0.66 0.73 

t-stat (8.07) (8.22) (2.03) (2.53) 

 
Panel B: Flow Volatility for Funds Ranked by Trading-based AIM and NIM 

 
 
 

 Sorted by Trading AIM (%) Sorted by Trading NIM 
 Flow Volatility Idiosyncratic Flow 

Volatility 
Flow Volatility Idiosyncratic Flow 

Volatility 
D1 8.55 8.26 8.09 8.32 
2 7.86 8.04 7.82 8.22 
3 7.39 7.82 7.79 7.85 
4 7.21 7.31 7.24 7.64 
5 7.35 7.15 7.26 7.26 
6 6.95 7.24 7.20 7.19 
7 7.39 6.98 7.47 6.89 
8 7.49 7.14 7.50 7.38 
9 7.90 7.61 7.89 7.50 

D10 9.27 9.69 9.73 9.47 
D10-D5 1.92 2.54 2.64 2.21 

t-stat (5.05) (7.29) (7.03) (6.54) 

 46



 
Figure 1  

Hedged Portfolio Returns for Accruals and NOA Strategies 
 
We plot the annual return spreads between the bottom and top deciles of stocks ranked on accruals and 
NOA.  
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The upper limit of hedged portfolio return is set as 0.3. 
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Figure 2 
Distribution of Fund Holdings across Characteristics-adjusted Accruals and NOA Deciles 
 
We plot the distribution of stock holdings in terms of decile ranking of characteristics-adjusted accruals and 
NOA by funds in the top and bottom deciles of holding-based AIM and NIM ranking.  
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Figure 3 
Distribution of Fund Trades across Characteristics-adjusted Accruals and NOA Deciles 

 
We plot the distribution of fund trade in terms of decile ranking of characteristics-adjusted accruals and 
NOA by funds in the top and bottom deciles of trading-based AIM and NIM ranking.  
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