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Abstract 
 
Several recent studies establish that more highly concentrated portfolios produce superior risk-adjusted 
returns.  The untested premise of this literature is that it is the most skillful managers who hold the most 
concentrated portfolios.  In this study, we formally examine the implicit assertion that the initial portfolio 
concentration decision is meaningfully related to a manager’s inherent investment skill.  First, we present 
a simple theoretical model showing that the greater the manager’s skill level, the more concentrated the 
portfolio should be.  Second, we conduct an extensive simulation analysis of the capacity to make 
accurate ex ante security return forecasts and show that skilled managers would select only about 3-20% 
of the available securities and that the portfolio concentration decision is directly proportional to 
investment prowess.  Finally, we provide an empirical examination of the actual skill-concentration 
relationship for actively managed U.S. equity funds over 2002-2015, documenting that managers who 
demonstrated skill in the past do form portfolios with higher concentration levels.  We conclude that 
talented asset managers should and actually do hold more concentrated portfolios and that the extent of 
this concentration decision is meaningfully related to forecasting skill. 
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The Decision to Concentrate:  
Active Management, Manager Skill, and Portfolio Size 

 
 
1.  Introduction 
An interesting development in the financial economic literature is the growing body of evidence 

establishing that asset managers with concentrated portfolios tend to outperform those managers having 

more diversified holdings, with portfolio concentration being defined in a variety of ways. For instance, 

Ivkovic, Sialm, and Weisbenner (2008) show that individual investors who hold a smaller number of 

equity positions in their brokerage accounts generate better risk-adjusted returns than otherwise 

comparable investors with larger, more diversified holdings.  Conversely, Kacperczyk, Sialm, and Zheng 

(2005) develop a concentration index measure of industry sector weightings for a sample of equity mutual 

funds and demonstrate relative outperformance for funds that are over- or under-weighted in certain 

industrial sectors relative to those portfolios that more closely match passive benchmark sector 

weightings.  Lastly, Huij and Derwall (2011) use a sample of global equity mutual funds to demonstrate 

that the performance advantage enjoyed by concentrated portfolios is largely driven by exposures to a 

broader number of underlying strategies and market segments.1 

The theoretical support for why a rational investor might form a concentrated portfolio in the first 

place appears to begin with Merton (1987), who suggests that “skilled” fund managers who have access 

to information that others do not possess will concentrate their investments on just those securities for 

which a sufficient amount is known.  Van Nieuwerburgh and Veldkamp (2010) extend this framework to 

show that an investor who expends the effort to collect information about a subset of available securities 

should over-invest in those positions, thereby maintaining a portfolio that is substantially more 

concentrated than a more broadly based alternative.  Finally, Boyle, Garlappi, Uppal, and Wang (2012) 

demonstrate a portfolio choice model in which the investor’s familiarity with the available assets 

generates an optimal portfolio containing fewer assets. 

 The implicit premise underlying all of this research is that the managers of those concentrated funds 

possess superior security selection skills (or, at least, access to superior information).  However, none of 

these studies test that premise directly and beg the question of how exactly a manager’s skill level 

influences the decision to concentrate the investment positions in the first place.  That is, we still do not 

have sufficient evidence to address the issue of what the optimal size and composition of a portfolio 

                                                 
1  There is substantial additional evidence, both in U.S. and global markets, of the risk-adjusted performance benefits 
of maintaining a concentrated portfolio; see, for example, Brands, Brown, and Gallagher (2005), Goetzmann and 
Kumar (2008), Chan, Kot, and Li (2008), Cremers and Petajisto (2009), Cohen, Polk, and Silli (2010), Yueng, 
Pellizzari, Bird, and Abidin (2012), Choi, Fedenia, Skiba, and Sokolyk (2015), Chambers, Dimson, and Foo (2015), 
Fulkerson and Riley (2016), and Goldman, Sun, and Zhou (2016).  This is interesting evidence in the light of the 
fact that the Investment Company Institute reported that the assets held globally in exchange-traded funds—which 
presumably are not concentrated portfolios—reached $3.5 trillion by the end of 2016. 
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should be for an investor with particular selection abilities.  The existing literature has been organized to 

explain fund performance (i.e., dependent variable) in terms of the portfolio concentration decision that 

the manager has already made (i.e., independent variable).  By contrast, our premise in this study is that it 

is the skill of the manager that should drive both the portfolio concentration decision as well as the 

performance outcome.  Stated more plainly, we contend that a fund manager who merely forms a 

concentrated portfolio without possessing the inherent security selection skills is not more likely to 

experience a successful result.  This is an important distinction because while asset owners can always 

observe a managed portfolio’s concentration level, they cannot directly assess the manager’s skill set. 

 Our goal is to understand the primary decision to concentrate a portfolio by establishing the explicit 

relationship that should exist between a manager with a particular level of investment skill and the 

concentration level of the portfolio that he or she holds.  That is, we examine the question of what level of 

manager selection ability is necessary to justify the decision to concentrate a set of portfolio holdings.  In 

that sense, our work can be seen as supporting a theory of manager skill rather than one of manager luck.2  

The specific hypothesis that frames our investigation is that managers who possess the skill to identify in 

advance those securities that will produce the best relative future performance should hold in their 

portfolios a smaller number of those positions in larger relative proportions.  Further, we maintain that the 

degree to which the portfolio is concentrated (i.e., effect) should be directly related to the level of 

manager skill (i.e., cause), among other factors.3 

 In the first part of the study, we examine the portfolio concentration decision with a simple 

theoretical model for an investor skilled in the ability to make accurate ex ante forecasts of an end-of-

period investment performance ranking generated by a given set of securities. In this analysis, we limit 

the concentration decision to the number of holdings in the investor’s fund, although we consider more 

nuanced forms of concentrated portfolios (e.g., industry and style concentrations relative to a benchmark) 

in our subsequent empirical analysis.  This restriction allows us to assess the exact points at which 

different levels of forecasting skill lead to optimal portfolios of different sizes. In this model, an 

increasing level of return forecast accuracy manifests as an increasing probability for the investor to 

identify and select the securities that will ultimately produce the best relative performance.  This, in turn, 

leads directly to the outcome that more highly skilled investors will form smaller-sized portfolios that 

                                                 
2  This connection can be seen as follows.  If there is an unobservable variable that drives just the observed superior 
performance of a portfolio, that factor could be either manager skill or random chance.  However, if that same 
unobservable variable drives both observable portfolio concentration and outperformance, it is difficult to argue 
against manager skill being responsible.  Indeed, how could luck lead to a more highly concentrated set of holdings? 
3  A related question to consider is if talented managers even exist or if observed good performance is simply the 
result of luck.  Some studies (e.g., Malkiel (1995), Carhart (1997), Fama and French (2010)) are consistent with the 
latter position, while others (e.g., Grinblatt and Titman (1993), Kosowski, Timmermann, Wermers, and White 
(2006)) support the former.  However, there is by now substantial evidence that there are indeed portfolio managers 
with superior investment skills; see, for example,  Chen, Jegadeesh, and Wermers (2000), Baker, Litov, Wachter, 
and Wurgler (2010), Berk and van Binsbergen (2015), and Pastor, Stambaugh, and Taylor (2015). 
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concentrate on their highest-conviction positions (i.e., securities with the largest forecasted probability of 

return outperformance over the investment horizon).  Conversely, an investor with no forecasting skill 

will have an equal chance of selecting in advance securities producing both the best and the worst 

performance.  So, the optimal portfolio strategy for the “no skill” investor is a set of holdings that is fully 

diversified across all available securities, similar to the uninformed investor in the theoretical design of 

Van Nieuwerburgh and Veldkamp (2010). 

 We test the implications of this predicted relationship between manager skill and portfolio 

concentration levels in two ways.  First, since talent alone does not insure superior return outcomes if the 

available securities are too similar to one another, we conduct a simulation using actual return data of 

U.S.-based stocks to establish the optimal portfolio formed by a manager with a specific level of 

forecasting skill. With maximization of annual portfolio return as the objective, we show that the optimal 

portfolio for an unskilled manager would indeed be fully diversified.  However, optimal portfolio size 

changes dramatically when positive forecasting accuracy is introduced; with even the most modest skill 

endowment, the optimal portfolio size declines to around only 15 percent of the available universe.  

Further, the size of the optimal portfolio continues to decline as manager forecasting accuracy increases—

to as low as about 6% of the stock universe—indicating the negative correlation we hypothesize between 

manager skill and portfolio size.  When we change the manager’s objective function to focus on the 

difference in returns between the managed fund and an equally weighted benchmark, we once again find 

that investors with positive forecasting ability benefit from holding fewer stocks.  Interestingly, the alpha-

tracking error tradeoff for a given skill level is fairly flat, suggesting that concentrating a portfolio beyond 

a certain level might generate more incremental risk than is rewarded.   

 Our second test is an empirical examination of the actual connection between manager skill and 

portfolio concentration using a large sample of actively managed U.S. equity mutual funds over 2002-

2015.  We document the statistical relationship between three measures of portfolio concentration—

number of holdings, absolute Herfindahl index, and benchmark-adjusted Herfindahl index—and two 

manager skill proxies based on past adjusted-return performance (i.e., alpha) relative to both a risk factor 

model and a strategy-specific benchmark index.  We show a consistent statistically significant correlation 

between the positive investment skill of the manager and the portfolio concentration decision he or she 

subsequently makes, a relationship that remains reliable regardless of how either variable is defined and 

after accounting for control factors, such as assets under management, portfolio volatility, fund flows, and 

expense ratio.  To provide an economic context for these findings, we demonstrate that a manager with an 

incremental skill level that produces returns that are 0.1% per month (i.e., ten basis points) above average 

would tend to hold about five fewer stock positions than the median fund. 

 We also consider several extensions of our basic empirical framework, including (i) the use of a 

third manager skill proxy; (ii) the transformation of our two main alpha-based skill measures into 
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information ratios (i.e., alpha divided by tracking error); (iii) the potential for the manager skill-

concentration relationship to exhibit significant non-linearity; and (iv) the possibility that funds with an 

extremely large set of holdings might bias the results toward managers with more concentrated positions.  

In each case, we find support for the premise that there is a tractable relationship between a manager’s 

investment prowess and the composition of his or her set of holdings.  Accordingly, we conclude that 

talented asset managers should and actually do hold more concentrated investment portfolios and that the 

extent of this concentration is significantly related to investment skill.  

 
2. Framing the Portfolio Concentration Decision 

2.1. A Simple Model of Skill and Concentration 

In order to illustrate our intuition, it is useful to consider a simplified theoretical model in which the 

investor chooses the number of available securities to be included in an equally weighted portfolio.  We 

assume a one-period investment problem, between time 0 (when the investor is endowed with $1) and 

time T, and that the security universe consists of three assets whose investment returns are completely 

deterministic and given by, respectively, Rh > 0, 0, and Rl < 0 at time T.  In the manner of Sorensen, 

Miller, and Samak (1998), the investor has some security-selection skill, parametrized by p, where 1 > p > 

0.   We define p so that the investor’s first choice (i.e., highest conviction selection) has a probability of  
1+𝑝
3

 to end up being the best-performing stock, 1
3
 to be the second best, and  1−𝑝

3
 to the third best (i.e., the 

worst performer).  

 We further assume that the investor is risk-averse with a CRRA utility function given by 𝑢(𝑊) =

 𝑊
1−𝛾

1−𝛾
 for 𝛾 > 0, and selects the optimal number of securities for the portfolio (i. e., N ∈ {1, 2, 3}) so as to 

maximize his or her expected utility, 𝐸[𝑢(𝑊𝑇)], with 𝑊𝑇 being the investor’s wealth at time T.  Given the 

investor’s skill level, when the portfolio contains one asset the expected portfolio return at time T will be 

given by: 

𝑅 =   

⎩
⎪
⎨

⎪
⎧ 𝑅ℎ, with probability 1+𝑝

3

  0 ,  with probability 1
3
      

𝑅𝑙 ,  with probability 1−𝑝
3

. 

 
Conversely, if the portfolio is somehow restricted to contain all three assets, the return at time T will be 

deterministic and equal to: 

 𝑅 = 𝑅ℎ+𝑅𝑙
3

 . 

Finally, the probability of forming a portfolio consisting of two assets (i.e., 𝑖 ≠ 𝑗) is equal to 𝑃𝑖𝑖 =

𝑃[𝑖]𝑃[𝑗|𝑖] + 𝑃[𝑗]𝑃[𝑖|𝑗] and so the expected time-T return for the two-asset case is equal to: 
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 𝑅 = �
  0.5 𝑅ℎ ,                    with probability 𝑃12 
0.5 𝑅ℎ + 0.5 𝑅𝑙 ,   with probability 𝑃13
0.5 𝑅𝑙 ,                    with probability 𝑃23

 

 
where 𝑃[𝑖|𝑗] = 𝑃[𝑖]

𝑃[𝑖]+𝑃[𝑘] ,𝑘 ≠ 𝑖, 𝑗.  At time T, the investor’s wealth is equal to  𝑊𝑇 = exp (𝑅) and he or 

she selects the number of stocks in the portfolio N which maximizes  𝐸[𝑢(𝑊𝑇)]. 

 It is relatively straightforward to show that the following proposition holds under a wide range of 

circumstances:4 

 
Proposition: There are two investor skill threshold levels, 0 < 𝑝32∗ < 𝑝21∗ < 1, such that: 

• When 0 ≤ 𝑝 ≤ 𝑝32∗  an investor of skill 𝑝 finds it optimal to construct a portfolio including all 
three assets (i.e., fully diversified).  

• When 𝑝32∗ ≤ 𝑝 ≤ 𝑝21∗  an investor of skill 𝑝 finds it optimal to construct a portfolio containing 
only two assets.  

• When 𝑝21∗ ≤ 𝑝 ≤ 1 an investor of skill 𝑝 finds it optimal to construct a portfolio containing only 
one asset (i.e., fully concentrated).  
 

The above proposition highlights the fundamental intuition that as the investor’s security-selection skill 

level increases, he or she will find it optimal to concentrate her portfolio to a greater degree. 

 Figure 1 illustrates the investor’s solution to this portfolio optimization problem for a specific 

parametrization of the preceding framework.  The exhibit shows the exact skill levels that would lead to: 

(i) a three security (i.e., fully diversified), (ii) a two security, or (iii) a single security (i.e., completely 

concentrated) portfolio.  For 𝑅ℎ = 20%,  𝑅𝑙 = −15%, and 𝛾 = 5,  we observe that when the investor’s 

forecasting ability is negligible (i.e., lower than the threshold value of 𝑝32∗ ), the investor’s utility function 

is maximized when he or she holds all three assets (represented by the horizontal circle-marked line in the 

graph).  However, when the investor possesses modest selection skills such that 𝑝32∗ ≤ 𝑝 ≤ 𝑝21∗ , his or her 

utility function is maximized when a two-asset portfolio is formed, as represented by the upward-sloping 

x-marked curve.  Finally, greatly skilled investors having forecasting ability such that 𝑝21∗ < 𝑝 prefer to 

hold the most concentrated portfolio possible consisting of just one asset; the expected utility of such a 

portfolio is depicted by the triangle-marked curve with the steepest slope.  

 
                                                 
4  Intuitively, these assumptions should be related to investors’ risk aversion, as well as to how extreme the 
returns Rl and Rh happen to be. First, it is straightforward to show that investors with a level of skill p = 0 will 
always prefer holding N = 3 securities to holding N = 2 securities, and also selecting two securities to selecting only 
one.  By contrast, the most skilled investor may not always prefer to hold one security versus three, for example, as 
this depends on the level of risk aversion as well as the magnitudes of Rh and Rl. In order for the proposition to hold, 
we therefore need to impose the condition that Rh, Rl and the level of risk aversion are such that the most skilled 
investors prefer to concentrate.  Note that this condition is necessary as the most skilled investor in our framework 
only has a 2/3 < 1 probability to identify the best performing asset.  Furthermore, in order to ensure that a skill 
region exists where investors prefer to hold exactly two assets, we need to require that an investor whose skill level 
leaves her indifferent between holding one or three assets prefers to hold a portfolio consisting of two assets.  These 
are necessary and sufficient conditions for the proposition to hold. 
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2.2. Extending the Skill-Concentration Relationship: A Simulation Framework 

Extending this intuition to a broader investment environment, suppose now that an investment manager 

faces the assignment of forming a portfolio from an investable universe of K securities.  Based on the 

level of skill he or she has been endowed with (which will be described shortly), the manager selects N 

securities to form the portfolio, where 1 < N < K.  Thus, as in the simple model just described, the 

portfolio created by the manager can range from one that is completely concentrated in a single position 

(i.e., N = 1) to one that is completely diversified across the entire universe (i.e., N = K).  Following 

DeMiguel, Garlappi, and Uppal (2009) and Plyakha, Uppal, and Vilkov (2015), we assume that all 

securities included in the manager’s portfolio are held with equal weight, so that for each security n we 

have wn = (1 ÷ N).  These N individual positions are then maintained throughout the designated horizon 

period which, without loss of generality, will be expressed here in some multiple number of years, with 

the portfolio rebalanced annually to maintaing and maintain the original (1 ÷ N) investment weights. 

 The manager’s portfolio formation strategy can be viewed as a sequential selection process in 

which he or she builds the portfolio in a progressive, security-by-security fashion, starting with selecting 

his or her best idea (i.e., the security with the highest predicted outperformance in the investable 

universe), then adding as a second holding the position with second-largest level of forecasted abnormal 

return, and so on until a stopping point is reached and the desired N-security portfolio is achieved.  In this 

context, the number of positions held in the portfolio relative to the K-security universe is a natural way 

to assess the manager’s portfolio concentration decision and so [N ÷ K] represents a simple metric for 

capturing that choice. 

 Given this selection process, the initial task confronting the manager is to predict at the beginning 

of the horizon period what will end up being the relative investment performance for all K securities. For 

the n-th security, this end-of-period relative performance is calculated as the difference between its 

realized return during Period h (i.e., Rnh) and the realized average return to an equally weighted index 

comprising the entire security universe (i.e., R�h = Σk (Rkh ÷ K)), where Rkh represents the Period h realized 

return for the k-th security in the universe.  The relative return differential for security n is its realized 

alpha measure, or αnh = (Rnh – R�h).  We then define (RANK)nh as the position of the realized alpha in 

Period h for the n-th security in this ordinal ranking of {αnh}, where RANK = K represents Max(α) (i.e., 

best performance) and RANK = 1 indicates worst performance, or Min(α). 

 Once the manager has made an ex ante forecast of this end-of-period RANK ordering, the main task 

is to select the set of N securities from the universe that is expected to maximize the aggregate realized 

alpha of the portfolio over Period h, defined as αNh = Σn wn ∙ αnh.  Notice that the number and the identity 

of the N securities that the manager includes in the portfolio will depend on his or her skill at forecasting 

the future realized relative performance in the investable universe.  In general, managers express their 

forecasting skill set, which is considered to be an exogenous endowment they possess, along two 
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dimensions: (1) the accuracy of their security-specific forecasts of end-of-period alphas, and (2) the 

horizon period over which they make their forecasts.  Thus, forecast accuracy (i.e., FA) can be viewed as 

a function of the innately gifted skill set of the manager (i.e., S) and the investment horizon over which 

the forecasts are to be made, or FA = f(S, h). 

 For any particular manager, we restrict our modeling of forecast accuracy to be a non-negative 

number increasing with the skill set endowment for the assumed investment horizon and so FA is 

constrained to range from a value of zero (no skill) to ∞ (perfect skill).5  We then specify the probability 

that the manager will select a given security to be the first position included in the portfolio by 

considering his or her rank-ordered alpha forecast for that security in conjunction with the level of 

forecasting skill.  As suggested by Gabaix (2009), the probability that the manager will select the n-th 

security in the universe to be initial security chosen is given by the following normalized power function: 

 
 Pn = [RANKn]FA ÷ Σn [RANKn]FA .    (1) 
 
Since the value for RANKn will be the same for all managers, it is the level of FA possessed by each 

manager that makes the selection probability, Pn, an investor-specific measure.  A manager with no 

selection skill (i.e., FA = 0) cannot  identify in advance the best-performing security in the universe and 

will therefore have an equal probability of choosing any security for the portfolio as his or her best idea, 

or Pn = (1 ÷ K) for all n.  For managers with positive selection skills, their ability to accurately forecast 

the best-performing security will lead to a greater probability of including that position in the portfolio 

with their first choice, with an offsetting reduction in the probability of selecting what turn out to be the 

worst-performing securities instead.  Finally, an infinitely skilled manager would always be able select 

the single best-performing security in the universe with perfect accuracy. 

 Equation (1) defines the probability that a manager will select the security that ends up in the n-th 

position of the realized RANK ordering with his or her first choice for the portfolio.  Forming the rest of 

the N-security portfolio can then be thought of as a repeated application of choosing the manager’s single 

best idea from the available set of securities at the time of each new decision, with the applicable universe 

for the next selection shrinking by one whenever a new security is chosen.  That is, the manager selects 

his or her first position from the complete K-security universe as that having the highest value of Pn.  The 

second holding is then chosen as that having the highest Pn value from the remaining (K-1) securities.6  

                                                 
5    More generally, for securities markets to ultimately clear, it must be the case that -∞ < FA < ∞; that is, FA can 
also be a negative number.  However, a manager endowed with FA < 0 would be someone whose portfolio, on 
average, consistently underperforms a passively invested index of the entire universe due to an inferior security 
selection process.  So, while “negative alpha” managers must exist in the market, they are unlikely to be in the 
position to form highly concentrated portfolios over an extended horizon period.   
6   The second position selected for a portfolio of size N = 2 is the security that the manager predicts to have the 
highest level of alpha from the (K-1) securities remaining after the first-best security was selected from the entire K-
security universe.  Notice, however, that since the manager made his or her initial forecast of RANK over the 
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This selection process continues until the manager is satisfied with the set of N holdings.  Of course, the 

particular stopping rule employed by the manager is crucial in assessing the portfolio concentration 

decision and will be considered in more detail in the next section. 

 To illustrate the dynamics of the portfolio formation process implied by (1), Table 1 considers a 

hypothetical 10-security universe and lists the probabilities that managers of varying skill levels will 

select any of the available securities with their first choice.  When the manager has no forecasting ability, 

each security has the same 10% probability of being selected for a portfolio of size N = 1, meaning the 

manager cannot discriminate between what the ultimate best- and worst-performing positions.  With 

successively higher levels of forecasting accuracy, the probability of first picking from the set of top-

performing securities—and avoiding the worst ones—begins to change markedly.  For instance, the 

probability that the manager’s initial portfolio selection ends up being the best relative performing 

security (i.e., RANK = 10) increases from 10% to 18% (FA = 1.0) to 26% (FA = 2.0) to 45% (FA = 5.0).7  

At the same time, the probability of selecting the eventual worst security (RANK = 1) declines to 

virtually zero for managers with a skill level of FA = 2.0.   

 This point is best seen by considering the cumulative probabilities of a manager’s first selection 

being an above-median (i.e., having an ex post performance ranking between 10 and 6) or a below-

median (i.e., ranking between 5 and 1) performer.  While a manager with FA = 0.0 is equally likely to 

choose an above- or below-average position, as forecasting skill increases so does the probability of 

picking a winning position.  For instance, there is a 73% chance that the first portfolio selection of a 

manager with a skill level of FA = 1.0 will be one with above-median performance at the end of the 

horizon period.  In fact, even a manager with the smallest level of skill represented in this exhibit (i.e., FA 

= 0.1) has a 53% probability of selecting an above-median performing security, which still may be a 

sufficient advantage to produce abnormal, risk-adjusted returns. 

 To extend this observation, notice that at increasing levels of manager selection skill, fewer of the 

lower performing securities over the investment horizon are likely to be included in the portfolio at an 

early stage of the selection process, raising the possibility that they would not be included at all.  So, 

while a manager with no skill may form a completely diversified portfolio (i.e., N = K), the manager with 

forecasting skill—even modest amounts of that skill—will have the incentive and the ability to form a 

more concentrated set of holdings (i.e., N < K).  The inclusion probabilities listed in Table 1, while 

pertaining to just the initial selection, are nevertheless suggestive of the inverse relationship that should 

exist between a manager’s skill set and the number of securities held in his or her portfolio. 

                                                                                                                                                             
complete investable universe, the formation of a N = 2 portfolio requires no additional research or forecasting on the 
part of the manager than was necessary to select the best idea initially. 
7   To be more precise, for managers endowed with FA = 2.0, there is a 26% that their first choice for the portfolio 
ends up as the absolute best performing security, a 21% chance of selecting the second-best performing security 
with their first choice, a 17% chance of selecting the third-best security with their first choice, and so on. 
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3. Manager Skill and Portfolio Concentration: Simulation Analysis 

3.1. Basic Simulation Evidence 

Since determining the optimal number of portfolio holdings for a manager with a particular skill level 

requires knowledge of the FA endowment, it is a topic best addressed by forming simulated portfolios 

with actual stock market return data.  Our initial investable universe for this simulation is a sample of 

stocks trading in U.S. markets over the period from January 2006 to December 2014, as reported in the 

CRSP/Compustat database.  We restrict our base case to the set of all K = 178 stocks that had a market 

capitalization level of at least $20 billion as of January 2006, making them easily tradeable with minimal 

liquidity issues.  We further assume that managers forecast investment performance over a three-year 

horizon period, so that our total sample period contains three separate horizon intervals: 2006-2008, 2009-

2011, and 2012-2014.  At the beginning of each three-year investment horizon, a manager is allowed to 

form an equally weighted N-stock portfolio based on a forecast of the actual return performance for each 

stock in the universe.  For each three-year horizon, a manager selects a single set of N stocks, but those 

positions are rebalanced annually with returns measured on a monthly basis.  The manager is allowed to 

choose a different set of N stocks at the start of each new three-year forecast period.  Simulated portfolio 

positions are formed for various combinations of portfolio size and manager skill level.  We examine all 

possible portfolio concentration levels (i.e., 1 < N < 178) and FA is allowed to range from 0.0 to 2.0 in 

increments of 0.1.  For every [N, FA] pair, the simulation process is run at least 1,000 times. 

Figure 2 illustrates the annualized average returns for portfolios grouped by size and manager skill 

level.  The display shows 21 different iso-skill curves representing the tradeoff between portfolio 

concentration levels and total return performance for a manager with a particular FA level.  The first 

interesting finding from this baseline simulation is that, for portfolio concentration levels up to about N = 

120, there is a dramatic and monotonic increase in performance with successive increments of manager 

forecasting skill.  Starting with roughly an 8% average return for an unskilled manager (FA = 0.0) of a 

medium-sized portfolio (an N of about 50), the total performance increases by approximately 30-70 basis 

points with each successive jump in skill level to FA = 1.0, reaching a maximum of around 13%.  From 

FA = 1.0 to FA = 2.0, however, the marginal return benefit of each skill increment shrinks to about 20-30 

basis points.  Second, whereas manager skill makes a big difference for a given portfolio concentration 

level, the opposite does not appear to be entirely true.  That is, for any given level of FA > 0.0, the total 

portfolio return varies in a fairly modest manner (i.e., about 15-20 basis points per annum) for any 

portfolio size between N = 10 and N = 35. 

A third important result in Figure 2 is that there does indeed appear to be a relationship between 

manager forecasting skill and the optimal level of portfolio concentration, at least with respect to the 

simple metric of producing the highest total portfolio returns.  By observing the maximum return 
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positions on each iso-skill curve (i.e., the triangular plot points, which are connected by the descending 

line), it appears that as skill increases, the size of the portfolio producing the highest returns generally 

decreases.  For example, the optimal performance points occur in portfolios of 34 stocks for FA = 0.1, 18 

stocks for FA = 0.6, and only 11 stocks for FA = 1.0 and 9 stocks for FA = 2.0.  While this relationship is 

not strictly monotonic across all of the forecast accuracy levels, it does appear to hold broadly when 

moving from an unskilled manager to one who is significantly better at forecasting future stock 

performance.  Especially striking is the fact that highly skilled forecasters in this simulation achieve the 

maximum return in portfolios that contain a very small fraction of the available stock universe: 6% (i.e, N 

÷ K = 11 ÷ 178) for FA = 1.0 and 5% (i.e., 9 ÷ 178) for FA = 2.0. 

To provide some context for the hypothetical FA levels we examine, past research has shown that 

the typical skilled manager can generate annual return outperformance in the range of about 35 basis 

points (Baker et al (2010)) to as much as 200 basis points (Chen et al (2000)) relative to an unskilled 

investor.  From the simulated portfolio results in Figure 2, this is consistent with a manager possessing a 

FA skill level of 0.1 to 0.3.  A manager with a FA level of 0.5 would produce an alpha return of about 250 

basis points, which would be considered extremely good performance indeed.  Also, notice that a 

manager with FA = 2.0 would more than double the return generated by the unskilled investor for most 

moderately sized portfolios; such a manager may well not exist on a consistent basis. 

Finally, notice that the optimal concentration of N = 174 for the manager possessing no forecasting 

skill is essentially a fully diversified position.  Thus, where portfolio concentration is concerned, there is a 

big difference between a manager with no skill versus someone who has even modest forecasting ability 

(e.g., N = 174 for FA = 0.0 versus N = 34 for FA = 0.1).  In fact, there is a much bigger difference in 

concentration levels between the “no skill” and the “some skill” managers than there is between the 

“some skill” and “high skill” managers (e.g., N = 34 for FA = 0.1 versus N = 11 for FA = 1.0). 

Of course, the preceding comparisons did not take into account the risk differentials that might exist 

in portfolios of different sizes and varying compositions.  It is possible that more concentrated portfolios 

experience elevated risk exposures that might be sufficient to offset in the judgment of the manager any 

incremental return potential.  Figure 3 addresses this concern.  Focusing on the forecasting skill 

increments between FA = 0.0 and FA = 1.0, the exhibit illustrates the tradeoff between the average annual 

alpha that the manager’s portfolio produces and the annualized tracking error it incurs.  As in Ang (2014), 

periodic tracking error is measured over the investment horizon as the standard deviation of the periodic 

alpha of the manager’s portfolio (i.e., the difference in returns between the managed portfolio and the 

equally weighted composite index of the entire stock universe), or:  

TEN,FA = [Σt (αN,FA,t – ⍺�N,FA)2 ÷ (T-1)]0.5     (2) 

where the period t return differential is αN,FA,t = (RN,FA,t – R�t), R� is the composite index return as defined 

earlier, and T is the number of returns in the horizon period (36 monthly returns for each three-year 
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forecasting interval in this case).  The indicated positions on each of the iso-skill curves represent 

portfolios of various sizes, with the largest values of N (i.e., the least concentrated portfolios) having the 

smallest annualized TE values. 

From the display, it appears that the tracking error is only reliably zero when a portfolio is fully 

diversified (i.e., N = K = 178).  In that case alpha will be zero as well, regardless of the manager’s 

forecasting skill.  A more relevant consideration, therefore, is how much portfolio tracking error increases 

as the active manager takes more concentrated positions in an effort to add alpha.  The exhibit shows a 

striking symmetry in the tracking error associated with a portfolio of any size, irrespective of a manager’s 

accuracy in predicting future stock returns.  For instance, portfolios with N = 33 all generate tracking 

errors of slightly more than 3.5%, but their alpha levels vary directly with manager skill over a wide range 

from 0% to 5%.  So, while the manager’s forecasting ability can greatly influence the relative return 

outcome of his or her invested capital, it does not appear to have a direct impact on the ability to control 

the incremental volatility of the portfolio. 

Perhaps the most interesting result in Figure 3 is the relative flatness in the slopes of each of the iso-

skill curves as the portfolios become more concentrated.  For example, with FA = 0.6 (i.e., the fifth curve 

down from the top), there is little appreciable difference in the alpha level associated with portfolios of 

size N = 15 and N = 33.  However, there is a considerable difference in the tracking errors of these two 

portfolios; as noted previously, the latter is approximately 3.5%, while the former is about 5.7%.  In fact, 

across the entire manager skill set we simulate, portfolios containing 33 stocks capture more than 95% of 

the alpha of the comparable 15-stock portfolio, but only experience 65% of the tracking error volatility.  

Thus, while the exhibit shows that any manager with positive forecasting skill will almost certainly want 

to concentrate his or her portfolio to an extent, at some point the potential return benefits of reducing the 

number of portfolio holdings will be offset by disproportionate increases in the incremental volatility.  

For active managers in this 178-stock universe who use the portfolio’s information ratio (i.e., alpha 

divided by tracking error) as a decision rule, it is likely that they will experience decreases in this measure 

for any actively managed portfolio of less than about 40 stocks.8 

 
3.2. Extended Simulation Evidence 

The first extension of our simulation analysis expands the investable universe from which skilled 

managers can form their portfolios to all 4,550 U.S. stocks in the CRSP/Compustat database that had a 

market capitalization of at least $150 million as of January 2006.  To be comparable with our earlier base 

                                                 
8   As we describe more formally in Section 6, the information ratio (IR) for the N-stock portfolio of a manager with 
skill level FA can be written: IRN,FA = (⍺�N,FA ÷ TEN,FA) and is usually expressed on an annualized basis.  By 
construction in Figure 3, this ratio can be viewed as the slope of a given iso-skill curve at a particular portfolio size.  
So, a manager who maximizes IR as a portfolio formation stopping rule is likely to hold a much bigger (i.e., far less 
concentrated) portfolio than a manager who follows the stopping rule of simply maximizing the portfolio’s value-
added return (i.e., alpha).  For most of the FA levels shown in Figure 3, the IR-maximizing portfolio size is N = 120. 
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case results, the investment period is once again designated as January 2006-December 2014 and we 

return to a three-year forecast period.  The main difference that expanding the investable universe makes 

is that it offers skilled forecasters a much wider range of investment styles (i.e., market capitalization, 

relative valuation characteristics) from which to form their portfolios.   

 Panel A of Table 2 lists the portfolio concentration levels (expressed as a percentage of K = 4,550 

universe) associated with the optimally sized stock holdings for each manager type with positive 

forecasting skills.  It is still the case that the return-maximizing portfolio size, N, remains significantly 

less than K for every instance of FA > 0, with recommended concentration levels falling in a fairly 

narrow range around just 2-3% of total available positions.  Interestingly, this represents a much smaller 

fraction than we saw at comparable skill levels for the smaller security universe.  Beyond that, the optimal 

level of N does appear to decline somewhat as the forecast accuracy of the manager increases; for 

example, N = 150 (= 0.033 x 4550) for FA = 0.1 versus N = 91 for FA = 0.7.  Both of these findings 

support our earlier conclusion that any manager endowed with positive forecasting prowess, no matter 

how modestly, will benefit from holding a portfolio that is far less than fully diversified. 

 As a final extension, we consider the effect on optimal portfolio concentrations when managers are 

restricted to investable universes defined by industry groups.  Kacperczyk, Sialm, and Zheng (2005) 

demonstrate how active managers could benefit by emphasizing certain industries within their portfolios, 

owing to their superior information about the relative performance of those industries.  It may also be true 

that the optimal level of concentration in a sector-specific portfolio will vary considerably with the 

economic and capital market conditions affecting the industries in question.  To examine that possibility, 

we divide the entire 4,550 U.S. stock universe described above into the ten Global Industry Classification 

Standard (GICS) sector classifications developed by Standard & Poor’s and MSCI Barra.9   

 Panel B of Table 2 shows that the number of stocks in these industry groups range from a high of 

1,127 (Consumer Discretionary) to a low of 110 (Consumer Staples).  The display also lists for each 

manager skill level the optimal portfolio concentration proportions and associated alphas for each of the 

ten industry groups.  There is substantial cross-sectional disparity in optimal industry-specific portfolio 

size, with smaller sectors typically being associated with less concentrated positions for a particular level 

of forecasting accuracy (Health Care and Utilities are exceptions to this statement).  In fact, looking at the 

mean portfolio concentration levels across all industry groups that are reported in the last row of the 

display, it is once again apparent that portfolio concentration increases in a monotonic fashion with 

manager skill. 

 

                                                 
9   Each of the GICS sector classifications comprises a group of similarly focused industries, which in turn can be 
divided into multiple sub-industries (e.g., the Energy sector contains two industry divisions—Energy Equipment & 
Services and Oil, Gas & Consumable Fuels—as well as seven additional sub-industry classifications).  Accordingly, 
without loss of continuity, we use the terms “sector” and “industry group” interchangeably. 
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4. Empirical Analysis: Testable Hypotheses and Variable Specifications 

Despite being calibrated to historical stock market return data, the preceding simulation analysis is just 

suggestive of how managers possessing varying levels of forecasting skill should choose to size their 

investment portfolios.  To examine the actual relationship between manager skill and the portfolio 

concentration decision, we now turn our attention to the observable actions of a large sample of actively 

managed, equity-oriented mutual funds. 

 
4.1. Testable Hypotheses 

The main supposition we examine is that there should be a direct relationship between a manager’s 

investment prowess and the extent to which his or her portfolio is concentrated.  More precisely, we test 

for a statistically significant correlation between a portfolio’s concentration level measured at a given 

Date t and a proxy for the manager’s forecasting skill that has been established before Date t  (i.e., 

concentration and skill are not measured contemporaneously).  Further, we also test for the empirical 

relationship between portfolio concentration and a variety of control variables which may be specified on 

either a contemporaneous or lagged basis.  The statistical tests we conduct take the following form: 

 
 (Portfolio Concentration)t = f [(Manager Skill)t-m, (Control Variables)t or t-m].    (3) 
 

The most important way in which the specification in (3) differs from those found in the previous 

literature is that the concentration measure appears as the dependent variable.  That is, rather than use the 

manager’s concentration decision to help explain the portfolio’s subsequent performance—as in, for 

instance, Ivkovic, Sialm, and Weisbenner (2008) or Huij and Derwall (2011)—our goal here is to explain 

how the manager arrived at the portfolio concentration decision in the first place.  This means that the 

causality we propose runs from forecasting skill to the portfolio composition choice and not the other way 

around.  Further, while past risk-adjusted performance can be used as a surrogate for that skill (as we will 

explain shortly), it is not the relationship between concentration and performance per se that matters; this 

is the reason that that skill and concentration are not measured contemporaneously. 

 
4.2. Measuring Portfolio Concentration 

We use three distinct approaches for assessing a fund’s concentration level.  First, we measure the 

logarithm of the number of distinct positions held in the portfolio on a given reporting Date t, or 

Log(NHOLD).  Consistent with our earlier discussion, for a given security universe, a fund containing a 

smaller number of holdings will be considered to be more concentrated than one with a larger number of 

positions.10  Hence, we hypothesize an estimated negative correlation between a proxy for manager 

                                                 
10  As indicated in the extended simulation results in Section 3.2, a somewhat more refined holdings-based measure 
would be to express the number of distinct positions in a fund as a percentage of the total securities in the available 
universe.  However, this adjustment would require knowing the exact universe the manager draws from—which 
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skill—in which increasing skill levels are measured as increasingly positive values—and Log(NHOLD).  

Finally, recognize that although managers can alter the number of holdings in their portfolios at virtually 

any time, it is typically only possible to observe these changes on a quarterly basis. 

 Following previous studies (e.g., Kacperczyk, Sialm, and Zheng (2005), Chan, Kot, and Li (2008)), 

two additional concentration measures we utilize are based on the Herfindahl index (HI).  First, we 

calculate an absolute (i.e., portfolio-specific) HI statistic as: 
 
 PORTHIt  =   ∑ (wit)2𝑁𝑁𝑁𝑁𝑁

𝑖=1     (4) 
 
where wit is the portfolio weight assigned to the i-th security on Date t in the (NHOLD)-sized portfolio.11  

By its construction, HI accounts for both the total number of positions in a given fund as well as the 

relative intensity assigned to each position.  So, with PORTHI, portfolio concentration could mean a 

smaller number of holdings or substantial under- or over-weights assigned to an otherwise broad-based 

set of positions.  Also, as calculated by (4), PORTHI varies in value from 1.0 (i.e., a portfolio 

concentrated in a single position) to 1/NHOLD (i.e., a fully diversified, equally weighted portfolio).  So, 

to preserve the same hypothesized inverse relationship between manager skill and portfolio concentration 

just described for the NHOLD variable, we define our second concentration measure as Log(1÷PORTHI). 

 The final concentration measure we use is based on a relative Herfindahl index that compares the 

managed portfolio’s positions to those of a benchmark index that best captures the fund’s underlying 

investment strategy.  We compute a strategy-adjusted HI statistic as: 
 
 SRATTHIt  =   ∑ (wit − wbenchit)2𝐾

𝑖=1     (5) 
 
Where we now have wbenchit as the portfolio weight assigned to the i-th security within the strategy-

specific benchmark index on Date t.  Also, notice that the allocation weight differentials are summed over 

the full security universe, K, that defines the strategy, which as a practical matter can be expressed as the 

union of NHOLD and the number of positions in the benchmark, NBENCH.  As with PORTHI, we define 

our third concentration measure as Log(1÷STRATHI) so as to once again create an inverse hypothesized 

relationship between skill and concentration. 

 
4.3. Assessing Manager Skill 

Unfortunately for investors and researchers alike, fund manager forecasting skill is not directly 

observable, nor can it be arbitrarily specified in advance as it was in our theoretical model and simulation 

                                                                                                                                                             
may or may not be the benchmark index that he or she faces—and that is not directly observable.  Further, it is 
reasonable to assume that funds within a given investment style objective draw from comparable security universes, 
which is something we control for with our benchmark matching procedure described below. 
11  In the simulation model of Sections 2 and 3, we used N to indicate the number of security positions that a 
manager holds.  For our empirical analysis in the present section, however, it is more convenient in the exposition to 
refer to this portfolio size variable as NHOLD, which is how we describe the variable henceforth. 
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analysis.  The premise we adopt is that a manager’s skill level can be inferred by observing, over time, the 

net-of-fee returns that the portfolio actually produces relative to those that it should have produced (i.e., 

its expected returns).  We define these expected returns in two ways, using both a formal risk factor 

model as well as the returns to a benchmark index that captures the managed portfolio’s investment style.  

It is once again important to note that while each of the proxies for manager skill that we use are based on 

historical adjusted-return performance, it is not this performance itself that is our primary interest.  

Rather, we intend these measures to represent a priori evidence of the security-selection ability that a 

manager possesses before he or she makes their portfolio composition decision. 

 Our first proxy for skill is the standard risk-adjusted return measure using the four-factor regression 

model of Carhart (1997), modified as follows: 

 
 (Rjt-m – RFt-m) = αj + βMKTj(RMKTt-m - RFt-m) + βSMBjSMBt-m + βHMLjHMLt-m     (6) 

  + βMOMjMOMt-m + ejt-m  
 
where {β} are the factor loadings for the market, size, value, and momentum risk factors, respectively.  

Here the time subscript (i.e., t-m) emphasizes the fact that the skill proxy for Fund j (i.e., the factor 

model-generated αj from (6), which we label as FALPHA) is measured over an interval immediately prior 

to the month in which the manager’s portfolio concentration decision is observed.  Specifically, in the 

empirical work to follow, FALPHA is estimated using monthly data over the two-year period (i.e., from 

(t-24) to (t-1)) just before a given concentration observation Date t. 

 Our second measure of investment prowess considers a manager’s ability to outperform a 

benchmark index.  Specifically, we calculate the benchmark-adjusted alpha for the j-th fund as the 

average of the periodic differentials between the return to the fund and the return to the benchmark best 

representing that portfolio’s investment strategy, or: 

 
   BALPHAj  =  ∑ �Rjt−τ − Rbt−τ�𝑇

𝜏=1   ÷   𝑇    (7) 
 
where (Rjt, Rbt) are the Date t returns to the fund and the index, respectively, and T is the number of 

periods over which returns are measured.  As with the FALPHA measure generated from the risk factor 

model, BALPHA is estimated out-of-sample over a time horizon that does not include the period when 

the concentration measure is calculated, which is once again defined by the interval from (t-24) to (t-1). 

 
4.4. Control Variables 

There are a number of other factors that can affect the composition of an investment portfolio as well.   

Brands, Brown, and Gallagher (2005) identify the total net assets (TNA) of the fund as one such variable.  

The presumption is that managers of funds with larger asset bases are more likely to face practical or 

explicit restrictions on the ability to concentrate their security holdings.  So, regardless of the FA skills of 
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the manager, the presence of these constraints should lead to larger funds holding more securities with 

investment weights that are closer to matching those in the respective benchmarks.  Thus, we would 

expect that TNA should be positively correlated with Log(NHOLD), Log(1÷PORTHI) and 

Log(1÷STRATHI), all else equal.  The portfolio size and portfolio concentration variables are measured 

contemporaneously (i.e., at Date t). 

 Harlow and Brown (2006) argue that a fund’s total return volatility (VOL), as measured by the 

standard deviation of its historical returns, might be a relevant in the portfolio construction decision if it 

accounts for unsystematic risk influences that are not otherwise captured by performance-based skill 

proxies.  In fact, Yeung, Pellizzari, Bird, and Abidin (2012) document that VOL increases for portfolios 

that are increasingly concentrated relative to the given security universe.  Although Harlow and Brown 

find an insignificant relationship between VOL and future risk-adjusted performance once the effect of 

past abnormal performance is removed, it is not clear what implication that finding might have for the 

relationship between VOL and portfolio concentration.  VOL is measured over the two-year period (i.e., 

(t-24) to (t-1)) immediately prior to month in which portfolio concentration is observed. 

 Pollet and Wilson (2008) investigate how mutual funds diversify their holdings as their assets under 

management grow.  They document the relationship that while the number of fund holdings does increase 

with increases in TNA, the expansion in portfolio size occurs at a much slower rate.  Thus, while the 

relationship between the net asset flows (FLOW) into a fund and the number of its security positions is 

likely to be positive (i.e., less concentrated) over time, this relationship may not be detectable statistically 

over shorter investment horizons.  FLOW is measured using the change in a fund’s TNA over the most 

recent full calendar quarter (i.e., from (t-4) to (t-1)) relative to the concentration observation month. 

 A widely held belief in the investment management industry is that the most highly skilled 

investors (e.g., hedge fund managers) are able to charge the highest fees for their services; see Titman and 

Tiu (2011), who suggest that the fee itself can be a surrogate for the manager’s skill level.  However, Gil-

Bazo and Ruiz-Verdu (2009) document the curious result that equity mutual funds with the worst before-

fee performance charge the highest fees.  Thus, while the level of portfolio expenses—which we capture 

with the fund’s expense ratio (EXPRATIO)—may be connected to the skill level of the manager and 

hence the concentration decision, it is not necessarily clear in which direction that connection might 

occur.  Expense ratios and portfolio concentration are measured contemporaneously at Date t. 

 
5. Data and Main Findings 

5.1. Data Description 

Our mutual fund data comes from the Center for Research in Security Prices (CRSP) and spans the time 

period from January 2002 to March 2015.  For this sample period, CRSP compiles data on mutual fund 

holdings on a quarterly basis and for mutual fund returns on a monthly basis.  As several different funds 
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might be associated with the same set of holdings, we aggregate fund performance at the portfolio level.  

Further, we also collect and aggregate at the portfolio level information on fund expense ratios and total 

net assets under management. 

 When aggregating this information, we eliminate from consideration all mutual funds that do not 

have U.S.-based equities as their primary investment focus (according to the classification provided by 

CRSP) as well as all portfolios holding less than $5 million in total net assets.  We also remove from the 

final sample all funds with more than one holding report in any given quarter.12  For each investment 

portfolio, we then compute 24-month rolling FALPHA statistics according to the four-factor risk model in 

(6) as well as the benchmark-adjusted alpha statistic (i.e., BALPHA) in (7), respectively.  We stress again 

that this rolling 24-month estimation period always ends in the month prior to when the relevant portfolio 

concentration measure is observed. 

 For most of the actively managed funds in our sample, it is possible to rely on the database to 

assign to each portfolio a specific passive investment strategy that could be used to select an appropriate 

benchmark index.  However, these classifications suffer from the fact that the broad investment categories 

represented in the database have changed substantially over time.  Across our sample period, the fund-

specific investment objectives were provided by one or more of several different financial data services 

(e.g., Strategic Insights, Weisenberger, Lipper), but these classifications were not mutually consistent 

across providers.   Consequently, in order to avoid designating arbitrary or incorrect benchmarks, we 

employ a more objective method that assigns a passive index fund to each mutual fund while allowing for 

the possibility that the manager may have changed the portfolio strategy over time.   Specifically, for each 

Fund j reporting holdings in quarter t, we select as its benchmark that passively managed index b that (i) 

reports returns for the following quarter t+1, and (ii) whose portfolio weights come the closest to 

matching those of Fund j in quarter t.  We allow this passive index to serve as a benchmark for Fund j 

from quarter t until quarter t+1, when the procedure to select a benchmark is repeated.13   

 The data filters described above restrict our mutual fund sample data to a total of 4,223 distinct 

portfolios and 68,196 portfolio-quarter observations, spanning the 53-quarter sample period.  Summary 

statistics for many of the variables of interest are presented in Table 3 and Figure 4.  During our sample 

period the median equity mutual fund held 75 positions, although the dispersion in the number of 

holdings throughout the sample ranged from a single position to almost 1,000.  The typical fund managed 

$254 million, had a manager with a monthly skill level that ranged from -6.4 basis points (i.e., FALPHA) 

to 0.1 basis points (i.e., BALPHA), and an annual expense ratio of 1.13%.  The histogram in Figure 4 

                                                 
12  Each holdings report comes on or after the effective reporting date of the holdings. The date on which the report 
is filed is the variable report_dt in the CRSP system and so we eliminate from consideration all the funds with two 
or more report_dt’s describing holdings for the same quarter.     
13  This benchmark selection procedure, which potentially allows for the designation of different index fund each 
quarter, essentially selects that passively managed benchmark b which minimizes the strategy-adjusted Herfindahl 
index in equation (5) for Fund j at quarter t, adjusted relative to strategy b. 
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shows that while the sizeable majority of funds hold fewer than 100 separate positions, several portfolios 

are considerably larger.  In fact, there is a detectable spike in the number of portfolios holding at least 500 

securities; presumably these are funds with stricter risk control mandates (e.g., tracking error restrictions) 

or otherwise constrained to mimic a benchmark index such as the Standard & Poor’s 500 or Russell 1000.  

In the following empirical tests, we analyze the hypothesized manager skill-concentration relationship 

using both the entire sample as well as for the sub-sample that excludes those portfolios that hold 500 or 

more equity positions.14 

 
5.2. The Relationship Between Portfolio Concentration and Factor-Generated Manager Skill 

To test our primary hypothesis regarding the inverse correlation between portfolio concentration and 

manager skill, we begin with the estimation of a series of panel regression equations using either 

Log(NHOLD), Log(1÷PORTHI), or Log(1÷STRATHI) as the dependent variable and lagged values of 

FALPHA as the primary regressor.  For each dependent variable, two versions of this panel regression are 

estimated: (i) one that includes the full sample of funds divided into groups depending on whether 

FALPHA > 0 (i.e., positive skill managers) or FALPHA < 0 (i.e., no skill or negative skill); and (ii) one 

that focuses on the subset of the full fund sample for which FALPHA > 0.15  All of these panel 

regressions include the set of control variables (i.e., Log(TNA), VOL, FLOW, and EXPRATIO), as well 

as fund and time fixed effects and standard errors that are robust to heteroscedasticity. 

 While these panel regression tests do control for time fixed effects, it is still possible that the 

residuals are correlated across funds during a given period.  To mitigate this concern, we also adopt the 

methodology of Fama and MacBeth (1973) with standard errors adjusted for serial correlation according 

to Newey and West (1987) in our cross-sectional tests.  Specifically, for every fund in a given quarter, we 

use the prior 24 months of data to calculate values of the manager skill proxy (FALPHA).  Next, we 

compute the respective portfolio concentration variables, which then become the dependent variables in 

separate cross-sectional regressions in which FALPHA and the other controls are the independent 

variables.  Finally, repeating the first two steps for a series of different quarters that are rolled forward 

throughout the sample period generates the requisite 53-quarter time series of parameter estimates. 

 Table 4 summarizes the findings for all of these regressions.  Panel A focuses on Log(NHOLD) as 

the measure of portfolio concentration while Panels B and C specify Log(1÷PORTHI) and 

Log(1÷STRATHI), respectively, in that role.  The first two columns of data summarize the respective 

                                                 
14   It is important to recognize that actively managed portfolios can be concentrated in ways other than just the total 
number of stock positions they hold.  In particular, as we describe in the following section, an active fund that holds 
every stock in its benchmark can still experience relative outperformance if it maintains considerably different 
investment weights than those stocks have in the index.  Consequently, an arbitrary, a priori removal from our 
sample of all funds maintaining a portfolio size equivalent to their benchmarks would create a bias in and of itself. 
15  More precisely, when dividing the sample into managers exhibiting past positive skill and past negative skill, the 
respective independent variables were defined as: (FALPHAt * DPOSt) where DPOSt =1 if FALPHAt > 0, zero 
otherwise; and (FALPHAt * DNEGt) where DNEGt =1 if FALPHAt < 0, zero otherwise. 
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panel regression coefficients for the full sample and for the (FALPHA > 0) sub-sample, while the last two 

columns show comparable results for the Fama-MacBeth regressions.   

 The most compelling finding is the overall strength of the inverse relationship that exists between 

the level of the manager’s investment prowess and the portfolio concentration decision he or she 

subsequently makes.  Regardless of whether concentration is defined in terms of number of holdings or 

some version of the Herfindahl index, the reported coefficients for the (FALPHA > 0) variable are always 

negative and highly statistically significant.  This finding holds in both the panel regression and Fama-

MacBeth estimation environments, as well as when the full sample is restricted to include just the subset 

of managers who demonstrated past positive skill relative to expectations set by the risk factor model in 

(6).  Thus, on the basis of this particular proxy for realized forecasting ability, the prediction that manager 

skill and the portfolio concentration decision should be meaningfully correlated is strongly supported. 

 To provide an economic interpretation for these findings, it is useful to examine what the estimated 

coefficient on the manager skill proxy variable implies about the degree of concentration in the actively 

managed portfolio.  Using the reported parameter estimate of -0.664 for the positive manager skill (i.e., 

FAPLHA > 0) portion of the Fama-MacBeth estimation in Panel A of Table 4, it is possible to compute 

the reduction of number of portfolio holdings that would accompany a given increase in the manager’s 

skill level.  In particular, consider a manager whose skill level (i.e., FALPHA) is 0.1% per month, or 10 

basis points, higher than the average fund, which would correspond to an annualized value-added level 

that is 120 basis points higher than average.  An investor possessing this level of incremental skill would 

end up holding about 6.4% fewer positions (i.e., ∆NHOLD/NHOLD = exp(-0.664 x 0.1) – 1) than would 

the average fund.  So, relative to the median number of holdings in the fund sample (i.e., 75), the manager 

at this skill level would hold a portfolio with approximately 70 stocks instead.16 

 It is also interesting to note the influence that the various control variables exert on the portfolio 

concentration decision.  As predicted, funds with more assets under management tend to hold less 

concentrated positions, all else equal, regardless of how concentration is measured.  This suggests the 

possible presence of binding practical restrictions in either the number or size of individual equity 

positions that can be held as the fund itself grows larger.  Also, funds with larger expense ratios tended to 

be more concentrated and funds in which return volatility is greater tended to be less concentrated, 

although the statistical significance of these effects varied with different estimation conditions.   Finally, 

the fund flow variable produces statistically insignificant parameter estimates in virtually all estimation 

conditions. 

                                                 
16  Because of the non-linear nature of the conversion between the manager’s incremental skill level and the 
associated reduction in portfolio size, each successive 10 basis point increase in skill would not suggest the same 
five stock incremental reduction in the median portfolio size.  For instance, managers with respective monthly 
FALPHA levels that are 0.1, 0.2, or 0.3% higher than average would hold, all else equal, portfolios of 70.2, 65.7, 
and 61.5 stocks. 
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5.3. The Relationship Between Portfolio Concentration and Benchmark-Adjusted Manager Skill 

We repeat our examination of the empirical relationship between fund concentration and manager skill 

with BALPHA, which assesses the manager’s past benchmark-adjusted return performance.  For this 

alternative skill measure, a complete set of regressions comparable to those just described are estimated, 

with Table 5 summarizing the findings.  As before, the relationship of interest is between the proxy for 

forecasting prowess for those managers who possess positive skill (i.e., BALPHA > 0) and the portfolio 

concentration decision that they subsequently make. 

Consistent with the results for the factor model-based skill proxy, the various estimated coefficients 

for the benchmark-adjusted alpha statistic are once again negative and highly statistically meaningful 

regardless of how concentration is measured or how the regression equation is specified.  Thus, the 

predicted inverse correlation between investment skill and the fund size decision remains strongly 

supported by this alternative approach to measuring return expectations when assessing a manager’s 

investment ability.   Further, by comparing the estimated parameters for the positive skill variable across 

all three panels of Table 5, it is apparent that the relationship becomes stronger in both economic 

magnitude and statistical significance as the definition of portfolio concentration changes from just the 

number of portfolio holdings to either of the two Herfindahl-based measures, which account for both the 

number of positions in the fund as well as the relative investment weight that the manager chooses to 

place on those positions.17  It is particularly striking to observe the strength of the relationship between 

(BALPHA > 0) and Log(1÷STRATHI) in Panel C inasmuch as our benchmark selection procedure is 

specifically designed to minimize the value of the latter. 

 Finally, beyond the notion that managers who have no forecasting ability should maintain fully 

diversified portfolios, our analysis makes no formal prediction regarding the selection decisions made by 

managers who actually have negative skill.  Nevertheless, it is instructive to consider the relationship 

between (BALPHA < 0) and the three concentration proxies.  In all three panels of Table 5 the estimated 

coefficient on this negative skill proxy is statistically significant and positive, meaning that negative alpha 

managers also tend to increase the concentration levels of their portfolios as the futility of their 

investment prowess increases.  Further, for two of the three concentration measures (NHOLD and 

PORTHI), the collective impact of these negative skill managers appears to be somewhat larger than that 

of their positive skill counterparts (i.e., the absolute value of the estimated coefficient is larger and more 

statistically significant).  While this empirical curiosity falls outside the purview of our model, it is 

consistent with the performance tournament hypothesis of Brown, Harlow, and Starks (1996) in which 

                                                 
17  For example, consider two three-stock portfolios relative to the same five-stock benchmark.  If the respective 
investment weights in the two active funds are [.98, .01, .01, 0, 0] and [.33, .33, .34, 0, 0], recognize that the 
NHOLD concentration measure would treat the two funds as being identical whereas either PORTHI or STRATHI 
would judge the first portfolio to be a lot more concentrated. 
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managers who are underperforming their peers have the incentive to increase the risk level of their 

portfolios in an effort to close the relative return gap.  To the extent that holding an increasingly 

concentrated portfolio as the degree of underperformance grows larger results in a riskier set of holdings, 

the findings for the (BALPHA < 0) variable in Table 5 are consistent with that behavioral prediction.18 

 
6. Extensions and Robustness Tests 

6.1. Alternative Proxy for Manager Skill: Manipulation-Proof Performance Measure 

In addition to the factor model-based and benchmark-adjusted proxies for manager skill shown in (6) and 

(7), we also consider the manipulation-proof performance measure (MPPM) of Ingersoll, Spiegel, 

Goetzmann, and Welch (2007), which is expressed here as for the j-th fund: 

 

MPPMj = � 1
(1−ρ)∆t

�Log �1
𝑇
∑ �1+𝑅𝑗𝑗−𝜏

1+𝑅𝑅𝑗−𝜏
�
1−ρ

𝑇
𝜏=1 �      (8) 

 
where T is the total number of observations in the fund’s total historical return series—which is again 

assumed to end just prior to a given portfolio concentration observation—∆t is the length of time between 

observations (i.e., monthly), and ρ is set equal to 3 in our case.  The performance measure in equation (8) 

is likely to be a better indication of performance—and hence a proxy for manager skill—when a manager 

engages in “information-less” trades for the sole purpose of inflating a traditional metric, such as a Sharpe 

ratio.19  As with the skill proxies in FALPHA and BALPHA, we again calculate MPPM over the (t-24) to 

(t-1) period preceding the portfolio concentration observation month at Date t. 

 A challenge in using MPPM for our present purpose is that we are not interested in measuring a 

manager’s investment performance per se, but instead are seeking an alternative indicator of his or her 

innate ability as an investor.  Therefore, it is not clear what measured level of this statistic truly indicates 

superior performance (i.e., positive skill).  Unlike the two alpha measures defined in the previous section 

for which positive values were reasonably interpreted as indicating tangible investment skill, a positive 

value for MPPM would merely show a manager whose portfolio produced a return that exceeded the risk-

free rate.  While this might be a useful comparison in measuring performance, it is not necessarily a good 

proxy for the ability to outperform an otherwise comparable investment fund.20   Accordingly, we make 

                                                 
18  The results for the factor model-based skill proxy in Table 4 also support the performance tournament hypothesis, 
although at more attenuated levels.  The estimated parameters on the (FALPHA < 0) variable for all three 
concentration measures are positive and statistically significant.  However, none of the negative skill coefficients are 
as large in absolute terms or as statistically meaningful as the comparable (FALPHA > 0) parameters. 
19  Admittedly, some of the manipulation conditions Ingersoll et al (2007) caution against—such as using derivatives 
to alter portfolio return distributions—are unlikely to apply to our sample of U.S. domestic equity mutual funds. 
However, other strategies, such as engaging in frequent rebalancing trades, very well might and so the additional 
robustness analysis is warranted. 
20   Although a discussion of the complete set of descriptive statistics for the MPPM measure is not relevant here, we 
do note that the MPPM for the median fund is positive at 0.040, indicating that more than half of the portfolios in 
our sample outperformed an investment in the risk-free asset. 
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the somewhat arbitrary choice of defining a positive skill manager as someone who produces a MPPM 

statistic that exceeds that for the overall stock market.  We estimate a market MPPM statistic from (8) 

using the CRSP value-weighted equity index to represent the overall stock market. 

 Table 6 replicates a full set of panel regression and Fama-MacBeth regression results using this new 

skill proxy.  As with FALPHA and BALPHA, separate displays are shown for each of the portfolio 

concentration dependent variables.  The first thing to note is that MPPM produces a comparable number 

of positive skill fund-month observations as did the two alpha-based proxies (i.e., 26,571 for MPPM 

compared to 27,913 for FALPHA and 24,087 for BALPHA). Further, these reported findings once again 

confirm the hypothesized inverse relationship between positive manager skill and the concentration 

decision, if at substantially lower levels of statistical significance than before.  Using NHOLD, for 

example, the estimated parameter for the (Fund MPPM > Market MPPM) variable is uniformly negative, 

but only statistically meaningful for the two versions of the Fama-MacBeth regressions.  When PORTHI 

is used to represent portfolio concentration, the estimated coefficients of interest are again uniformly 

negative but only strongly significant when the sample is restricted to include just positive skill managers.  

Lastly, for the strategy-adjusted Herfindahl index, the parameters for the skill proxy are only significantly 

negative in the restricted sample for the Fama-MacBeth regression model.  Therefore, while the 

preponderance of the MPPM-based findings supports the notion that managers who can outperform the 

market tend to maintain a more concentrated set of holdings, the evidence is not as persuasive as for the 

FALPHA and BALPHA proxies. 

 
6.2. Extending the FALPHA and BALPHA Skill Measures to Information Ratios 

Ang (2014) argues that the information ratio can provide an additional dimension to skill assessment 

because managers often face policy level restrictions on how much tracking error they can take, which in 

turn constrains their ability to produce positive alpha performance.  We have seen that alpha (i.e., the 

numerator of the IR statistic) can be measured either by a factor model (FALPHA) or by a style-specific 

benchmark index (BALPHA).  Similarly, tracking error (the IR denominator) can be measured differently 

depending on how the alpha statistic is calculated.  For benchmark-adjusted returns, tracking error is 

simply the standard deviation of the return differential over time, which leads to a benchmark-adjusted 

information ratio (call it IRB) equal to the average return differential divided by the standard deviation of 

that excess return.  For factor model-based alpha, Goodwin (1998) notes that the tracking error can be 

estimated as the standard error of the regression equation, leaving a factor-generated information ratio 

(IRF) equal to the estimated intercept divided by the standard error from the regression.  Consistent with 

our earlier analysis, we measure both of these information ratio definitions over the (t-24) to (t-1) period 

preceding the portfolio concentration observation month at Date t. 

 We re-estimate our main skill-concentration regression models from Table 4 and Table V using IRF 

and IRB as skill proxies in lieu of FALPHA and BALPHA, respectively.  Before describing the empirical 
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results, however, it is helpful to reconsider the question of what we would expect the relationship between 

information ratio and the manager’s portfolio concentration decision to be.  On one hand, there is no 

reason to think that a scaled version of our main alpha-based skill proxies should behave any differently, 

meaning that we would continue to predict a significant negative correlation between IRF or IRB and the 

concentration level the manager subsequently adopts.  On the other hand, though, when we looked at the 

relationship between alpha and tracking error in our simulation analysis in Section 3, we found that this 

tradeoff—which is what the IRB statistic effectively measures—was surprisingly flat for a large range of 

possible portfolio sizes relative to the initial security universe; see Figures 2 and 3.  Thus, at least for the 

benchmark-adjusted measure, the correlation between information ratio and portfolio concentration 

(NHOLD, in particular) may well be statistically insignificant. 

 Table 7 summarizes these new findings, which have been compressed to report just the full sample 

versions for both information ratio statistics using all three concentration definitions.  It is probably not 

surprising that the results do not convey a clear picture.  For IRF, it is once again the case that there is a 

statistically significant negative relationship between manager skill and portfolio concentration, 

regardless of whether the latter variable is measured in terms of number of positions or portfolio weights.  

In this sense, the idiosyncratic risk adjustment that differentiates IRF from FALPHA did not change the 

underlying skill-concentration connection in a material way.  However, a different outcome emerges for 

the benchmark-adjusted information ratio; positive levels of IRB (i.e., positively skilled managers) are 

never significantly related to any form of the portfolio concentration decision and the only statistically 

meaningful coefficient for negative alpha managers implies holding less concentrated portfolios as the 

skill level erodes.  So, while there is no clear reason for the lack of correlation between IRB and portfolio 

concentration—or for the difference between IRF and IRB, for that matter—it is consistent with the 

evidence produced by our simulation of how differently skilled managers compose their portfolios. 

 
6.3. Non-Linearity in the Manager Skill-Portfolio Concentration Relationship 

A striking aspect of the simulation analysis presented in Section 3.1 was that the relationship between 

manager skill and optimal portfolio size was not perfectly linear.  As shown in Panel A of Figure 5 

(which recreates the relevant skill-induced optimal portfolio size data from Figure 2, inverting the axes 

and expressing the number of holdings on a logarithmic scale for the 178-stock universe), the 

performance-maximizing concentration level changed very rapidly when moving from a manager with no 

skill to one who possesses some skill.  However, while successive increments in manager skill then led to 

further reductions in the optimal stock position, it did so at an increasingly slower rate. 

 An interesting question to ask is whether this same pattern in the skill-concentration relationship 

from the simulation study, where manager forecasting skill can be specified in advance, also appears in 

the actual mutual fund sample, where that skill level had to be approximated.  While the empirical 

findings in Table 4 and Table 5 document the strong statistical connection between the portfolio 
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concentration decision and our two main skill proxies (FALPHA and BALPHA, respectively), those 

regressions were only designed to detect a linear association between those variables.  To assess the 

possibility of a tractable non-linearity in that relationship for the full fund sample, we need to introduce an 

additional regressor to the estimation process. 

 Given the convex shape of the graph in Figure 5.A, taking the square root of the skill proxies would 

generate appropriate variables to add to the respective regressions.21  Specifically, we re-estimate the 

relationships described in Section 5 after including either Sqrt(FALPHA > 0) or Sqrt(BALPHA > 0) to 

the original set of independent variables and controls for the factor model-based and benchmark-based 

skill proxies.  To be comparable to the simulation analysis, the sole portfolio concentration variable that 

we use as the dependent variable is the logarithm of the number of fund holdings (NHOLD).  As before, 

we generate a full set of panel regression and Fama-MacBeth regression results that include these new 

non-linear skill terms. 

 The findings are shown in Table 8, which displays the results in a manner similar to that just 

described for the information ratio-based regressions.  Regardless of which skill proxy is used, the sign of 

the Sqrt(ALPHA) variable is always negative, indicating that the skill-concentration relationship does 

indeed exhibit a degree of non-linearity in the predicted direction.  Further, the coefficients for these 

variables are statistically significant in three of the four cases listed, with the Fama-MacBeth estimate for 

benchmark-based skill measure being the exception.   

 However, it is also interesting to note that the introduction of this non-linearity variable often 

reduces the predictive power of the original skill measure (e.g., the panel regression coefficient for 

(BALPHA > 0) becomes less statistically significant when Sqrt(BALPHA > 0) is also used in the 

regression).  One implication of this outcome is that while the actual connection between manager skill 

and portfolio size in the mutual fund sample assumes the same shape as that in the simulation analysis, it 

does so in a less pronounced manner.  This is illustrated in Panel B of Figure 5, which shows a drop-off in 

the regression-predicted number of portfolio holdings as actual manager investment prowess increases 

that is far more modest than that in Panel A.  The attenuated nature of this forecasted skill-fund size 

relationship could be due to various factors, including having to estimate, rather than observe, manager 

skill in the mutual fund sample or having a narrower range of skill levels amongst actual fund managers 

than can be simulated.  Nevertheless, Table 8 offers substantial evidence that a meaningful non-linearity 

in the connection between a manager’s ability and portfolio size does exist in practice. 

 
 
 
                                                 
21   Other possible functional forms for a variable that is capable of capturing the shape of the non-linearity 
documented in the simulation study include (1/ALPHA) and (Log(ALPHA)) where ALPHA represents the relevant 
skill proxy.  Our choice of Sqrt(ALPHA) was based on a desire to use a close analog to the variable (ALPHA)2 that 
is often used in practice to fit a non-linearity of a different shape than the one indicated here. 
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6.4.  The Skill-Concentration Ratio in Funds Holding Fewer Than 500 Equity Positions 

When describing the formation of our sample of U.S.-based equity mutual funds, we noted that most of 

those portfolios held fewer than 100 stocks.  Still, as shown in Figure 4, there were also several funds 

with 500 or more positions.  Portfolios of this size are not always labeled as index funds because they can 

still be quite actively managed in terms of the relative investment weights the managers select for their 

holdings.  Said differently, an actively managed fund can have a NHOLD level comparable to its 

benchmark but differ considerably in its PORTHI concentration level.  Still, it is possible that the sheer 

number of positions these large funds maintain makes it very difficult for them to produce positive risk- 

or benchmark-adjusted returns.  So, if such portfolios do end up acting like quasi-index funds that have 

near-zero alpha performance, it would necessarily be the case that the remaining funds with fewer 

holdings generate virtually all of the alpha distribution for the entire sample.  This, in turn, permits the 

possibility that a meaningful negative correlation between portfolio size and either (FALPHA > 0) or 

(BALPHA > 0) could result in an almost mechanical fashion. 

 To assess this possibility, we re-estimate the regression models in Table 4 and Table 5 for our two 

main skill proxies after restricting the fund sample to just those portfolios with fewer than 500 stock 

positions.  This constraint eliminated about 20% of the fund-month observations represented by these 

large funds (e.g., the number of observations in the FALPHA panel regressions decrease from 68,196 to 

52.908), which underscores our earlier observation that the sizeable majority of funds in the entire sample 

are likely to be concentrated in both size and weightings relative to their respective benchmarks. 

 Table 9 summarizes these findings, once again using FALPHA and BALPHA as the proxies for 

manager skill.  The primary conclusion from this analysis is that the estimated coefficients for (FALPHA 

> 0) and (BALPHA > 0) remain negative and strongly statistically significant.  This finding holds for both 

the full panel regression model as well as the Fama-MacBeth specification.  However, it is also the case 

that the absolute magnitudes of these coefficients relative to their full-sample counterparts appear to be 

reduced, more so for FALPHA than for BALPHA.  For instance, comparing the estimated Fama-MacBeth 

parameters for the factor-generated alpha measure in this display to the comparable values in Table 4 

yields: -0.432 vs. -0.664 for NHOLD; -0.560 vs. -0.668 for PORTHI; and -0.706 vs. -0.885 for 

STRATHI, which represents an average absolute reduction in magnitude of about 24%.  For BALPHA, 

the reduction in magnitude is far more negligible (i.e., approximately 5%) and the absolute estimated 

parameter actually increases slightly for the PORTHI concentration measure. 

 Overall, it is clear from the findings in Table 9 that the inclusion in the sample of funds that 

maintain an index-level portfolio size does not create a bias toward finding in favor of a meaningful 

manager skill-concentration relationship.  Although the relationship does diminish somewhat when these 

quasi-index funds are removed from the sample—which is consistent with the notion that actively 

managed funds of this size produce positive risk- or benchmark-adjusted performance in a somewhat 
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different manner—it remains the case that the most skillful managers maintain the most concentrated 

portfolios, even when the evaluation is restricted to those funds that are clearly attempting to deviate from 

their benchmarks.22 

 
7. Conclusion 
 
It is sometimes said that the three most important rules when constructing an investment portfolio are: 

diversify, diversify, and diversify.  While the recommendation to hold a large, broad-based collection of 

assets is undoubtedly good counsel for many investors, it is advice based on the implicit assumption that 

those investors have no special talent to select a smaller set of securities that is the most likely to produce 

superior performance.  In this study, we address the question of what the composition of the investor’s 

portfolio should look like when he or she does have tangible selection skills.  Specifically, we consider 

how concentrated that portfolio should be—measured either in terms of the number of positions or the 

relative weightings of the holdings—for a fund manager whose ability to forecast future security returns 

is demonstrably greater than that of the typical “no skill” manager. 

The evidence from both our conceptual model and simulation analysis, which both provide the 

advantage of being able to specify up front exactly what forecasting ability means as well as the 

manager’s specific skill level, indicates that the optimal fund size declines rapidly for those managers 

endowed with even modest levels of investment ability.  In fact, we demonstrate that the number of 

holdings comprising such a portfolio could be as low as 3-5% of the available security universe, although 

this finding varied with the size of that universe, the characteristics of the securities involved, and the 

manager’s objective function.  For instance, for an active manager concerned with both the pursuit of 

risk-adjusted returns (i.e., alpha) and controlling idiosyncratic risk (i.e., tracking error), forming a less-

than-fully diversified portfolio was still recommended, but holding absolutely the most concentrated fund 

possible was a difficult decision to justify. 

Our empirical examination of the actual relationship between manager skill and portfolio 

concentration for a large sample of equity mutual funds confirms that these two variables are significantly 

related under a wide variety of conditions.  In particular, we test the relationship between several different 

proxies for manager skill, which is unobservable in practice, and three different representations of the 

portfolio concentration decision that he or she subsequently makes.  We find the conclusion that more 

skilled fund managers tend to hold more concentrated portfolios is strongly supported across each of the 

myriad facets of this analysis.  Further, the findings suggest an economic interpretation that each 10 basis 

                                                 
22   We also ran an even more restrictive form of this robustness test in which we reduced the entire sample not by a 
size constraint alone (i.e., over 500 holdings), but by removing those funds for which STRATHI = 0, which only 
occurs when their portfolio holdings match an index exactly in both number and weightings.  Although not listed 
here, these results are materially identical to those presented in Table 9 and once again support the conclusion that 
more skilled managers decide to form more concentrated funds. 
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points per month of incremental alpha that a manager produces is associated with a reduction in portfolio 

size of approximately five stocks relative to the average actively managed fund. 

A useful consequence of our analysis is that it provides a conceptual explanation for the long-

established empirical result that more concentrated portfolios tend to produce superior investment 

performance.  Specifically, we show that it is the superior skill of the manager that leads to the decision to 

form a concentrated portfolio in the first place and so it is ultimately the manager’s selection skill—and 

not the composition of the portfolio per se—that generates the subsequent investment outperformance.  

Said differently, our model of the skill-concentration relationship clearly runs in one direction: it is the 

manager’s superior forecasting ability that leads to the benefits of forming a smaller, more concentrated 

set of holdings.   

This is an important distinction since external asset owners (i.e., those who hire the manager to 

invest their positions for them) cannot observe a manager’s skill level directly but they can observe the 

size and composition of the portfolio that he or she forms.  So, it is possible that low- or no-skill 

managers might assemble concentrated portfolios as a marketing strategy in an attempt to “signal” to 

potential investors a level of skill that they do not truly possess.  However, our empirical findings show 

that this is not the case for the cross-section of the mutual fund industry we examine, which supports our 

overall conclusion that investors are well served by selecting genuinely skilled fund managers who hold 

portfolios that are less than fully diversified.  Still, the challenge for the investor is to identify those 

superior managers in advance and then encourage them to restrict their portfolio holdings by focusing on 

their highest-conviction ideas.  Of course, just because there is a large potential reward for doing that does 

not make the task any easier to achieve.  
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Table 1. Manager Forecast Accuracy and Security Selection Probability 
 
 

  
Probability of Selecting Securities By Performance Rank: 

Ex Post 
Rank-Ordered 

 
Manager Forecast Accuracy (FA): 

Performance 
of Security 

 
0.0 

 
0.1 

 
0.5 

 
1.0 

 
2.0 

 
5.0 

 
10 (Best) 10% 11% 14% 18% 26% 45% 

9 10% 11% 13% 16% 21% 27% 
8 10% 11% 13% 15% 17% 15% 
7 10% 10% 12% 13% 13% 8% 
6 10% 10% 11% 11% 9% 4% 
5 10% 10% 10% 9% 6% 1% 
4 10% 10% 9% 7% 4% 0% 
3 10% 9% 8% 5% 2% 0% 
2 10% 9% 6% 4% 1% 0% 

1 (Worst) 10% 9% 4% 2% 0% 0% 
       

Above Median (6-10) 50% 53% 63% 73% 87% 99% 
 Below Median (1-5) 50% 47% 37% 27% 13% 1% 

       
 
 
Notes. Using a hypothetical investable universe of 10 securities, the six right-hand columns show for 
managers with different skill levels the probability of selecting each position in the ranking ordering of ex 
post relative performance to be the first choice in the portfolio.  Manager skill is captured by the forecast 
accuracy (FA) coefficient, which is assumed to range from 0 (no skill) to ∞ (perfect skill).  The ex ante 
probability of selecting a given security for the portfolio with the first choice is given by (1), which is 
based on the manager’s forecast accuracy (FA) of that security’s relative realized performance (RANK).  
RANK ranges from 10 for the security with the best end-of-period performance to 1 for the worst 
performer.  The cumulative probabilities of selecting an above-median (6 < RANK< 10) or a below-
median (1 < RANK< 5) are also listed. 
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Table 2. Optimal Portfolio Concentration for Different Stock Universes and Different Manager Forecast Accuracy Levels 
 
 

   
 

Optimal Concentration (% of Universe) for Forecast Accuracy Level: 

 
% Alpha at Optimal 

Concentration: 
  

Sample 
# of 

Stocks 
 

0.1 
 

0.2 
 

0.3 
 

0.4 
 

0.5 
 

0.6 
 

0.7 
 

0.8 
 

0.9 
 

1.0 
 

FA = 0.4 
 

FA = 0.7 
   

Panel A: Entire Sample 
  

 
All Stocks 
 

 
4,550 

 
3.3% 

 
2.8% 

 
2.0% 

 
2.5% 

 
2.2% 

 
1.8% 

 
2.0% 

 
2.2% 

 
2.0% 

 
2.0% 

 
4.05% 

 
6.57% 

  Panel B: Industry Groups 
 

  

Consumer Discretionary 1,127 8.0 7.1 8.0 8.0 4.4 5.3 3.5 4.4 5.3 3.5 3.22 5.30 
Information Technology 735 10.9 8.2 6.8 6.8 8.2 5.4 5.4 4.8 4.8 4.1 3.66 6.04 
Financials 708 15.5 7.1 8.5 5.6 6.4 5.6 4.9 3.5 5.6 4.2 3.47 5.67 
Industrials 549 20.0 10.9 10.9 6.4 6.4 8.2 5.5 8.2 7.3 5.5 4.30 7.13 
Materials 513 15.6 11.7 8.8 7.8 8.8 7.8 8.8 7.8 5.8 5.8 4.81 7.96 
Health Care 304 16.8 14.8 9.9 10.9 8.9 7.9 8.9 7.9 7.9 7.9 3.81 6.28 
Energy 198 21.2 13.6 12.1 10.6 12.1 12.1 7.6 7.6 9.1 7.6 3.85 6.34 
Telecom Services 157 24.8 21.0 19.1 15.3 15.3 13.4 11.5 11.5 11.5 11.5 4.24 7.02 
Utilities 149 24.2 10.1 10.1 12.1 10.1 6.0 6.0 8.1 8.1 6.0 2.08 3.42 
Consumer Staples 110 30.0 24.5 21.8 19.1 19.1 16.4 13.6 13.6 13.6 13.6 3.04 5.19 

              
Average:  19.1 13.0 11.6 10.6 10.0 9.0 7.7 7.9 8.0 7.1   

 
 

Notes. This display lists the optimal portfolio sizes (expressed as a percentage of the underlying investable universe) for a series of simulated 
investment positions over the period January 2006-December 2014 for managers with different levels of forecast accuracy skill (0.1 < FA < 1.0).  A 
36-month forecast horizon period is assumed and portfolio positions are rebalanced annually.  The last two columns of the exhibit indicate the 
average annual alpha (i.e., return of the managed portfolio in excess of the universe average) associated with the optimal portfolio position for two 
specific skill levels (FA = 0.4 and FA = 0.7).  Panel A lists results for the entire sample of 4,550 U.S. stocks in the CRSP/Compustat database with 
market capitalizations of at least $150 million.  Panel B shows findings separately for the ten GICS sector group divisions comprising the entire 
sample and for the average of those sector groups. 
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Table 3. Summary Statistics for the Portfolio Concentration Data Sample 
 
 
 

Panel A: Quarterly Fund Observations and Total Net Assets By Year 
 

Year 
 

Number of Funds 
 

Total Net Assets ($ Mil) 
2002    386    692,391 
2003 1,525 1,796,269 
2004 1,656 2,510,492 
2005 1,768 2,733,397 
2006 2,221 2,828,890 
2007 2,646 3,658,520 
2008 2,495 1,724,159 
2009 2,406 2,284,114 
2010 2,234 2,651,962 
2011 1,809 2,632,298 
2012 1,834 2,919,167 
2013 1,844 2,693,383 
2014 1,814 2,705,337 

 
 
 

Panel B: Summary Statistics for Distributions of Sample Variables 
  

Mean 
 

St. Dev 
 

Q1 
 

Median 
 

Q3 
 
Portfolio Concentration: 

     

   NHOLD 167.66 346.06 45.00 75.00 134.00 
   PORTHI 0.0395 0.0905 0.0128 0.0203 0.0332 
   STRATHI 0.0348 0.0962 0.0098 0.0168 0.0281 
 
Manager Skill: 

     

   FALPHA -0.0664 0.5504 -0.2848 -0.0639 0.1544 
   BALPHA 0.0010 0.0067 -0.0017  0.0009 0.0036 
 
Control Variables: 

     

   TNA 1,779 7,165 68 254 927 
   VOL 0.0468 0.0210 0.0306 0.0435 0.0592 
   FLOW 0.0128 0.0299 0.0095 0.0117 0.0143 
   EXPRATIO 1.22% 2.80% 0.89% 1.13% 1.41% 

 
 
Notes. This table presents a descriptive summary of the mutual fund sample used in this study.  Panel A shows the 
number of quarterly fund observations and total net asset value in the sample by year.  Panel B presents summary 
statistics (i.e., mean, median, quartiles, standard deviation) for the distribution of values for three categories of 
variables—Portfolio Concentration Measures: Number of Holdings (NHOLD), Portfolio-Specific Herfindahl Index 
(PORTHI), Strategy-Adjusted Herfindahl Index (STRATHI); Manager Skill Proxies: factor model-generated alpha 
(FALPHA), benchmark-adjusted alpha (BALPHA); Control Variables: Fund Total Net Assets (TNA), Fund Return 
Volatility (VOL), Fund Net Asset Flow (FLOW), Fund Expense Ratio (EXPRATIO) 
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Table 4. Empirical Relationship Between Portfolio Concentration and Manager Skill: Four-Factor Model-Based Alpha 
 
 

Panel A: Dependent Variable = Log(NHOLD) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.607 3.629 3.783 4.049 
 (100.66) (63.60) (2.93) (2.92) 
  FALPHA > 0 -0.626 -0.535 -0.664 -0.575 
 (-22.10) (-17.73) (-2.87) (-2.80) 
  FALPHA < 0 0.460  0.390  
 (15.26)  (2.73)  
  Log(TNA) 0.151 0.139 0.148 0.120 
 (30.48) (20.28) (2.85) (2.82) 
  VOL 3.164 2.899 1.402 2.105 
 (6.89) (5.07) (1.00) (1.17) 
  FLOW -0.044 0.042 0.028 -0.049 
 (-1.05) (-0.85) (0.41) (-0.56) 
  EXPRATIO -1.078 -2.789 -10.119 -27.353 
 (-3.57) (-1.40) (-1.83) (-2.43) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 11.35% 11.38% --- --- 
Number of Observations 68,196 27,913 53 quarters 53 quarters 

 
 
 

Panel B: Dependent Variable = Log(1÷PORTHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.389 3.438 3.422 3.583 
 (107.60) (75.45) (2.91) (2.92) 
  FALPHA > 0 -0.615 -0.585 -0.668 -0.667 
 (-26.52) (-22.63) (-2.85) (-2.77) 
  FALPHA < 0 0.484  0.401  
 (18.86)  (2.61)  
  Log(TNA) 0.091 0.079 0.091 0.070 
 (22.29) (14.36) (2.80) (2.76) 
  VOL 2.948 2.807 3.130 4.346 
 (7.01) (5.14) (2.08) (2.39) 
  FLOW -0.154 -0.028 -0.085 -0.006 
 (-4.10) (-0.62) (-0.84) (-0.07) 
  EXPRATIO -0.296 -1.193 -8.000 -19.666 
 (-2.21) (-1.22) (-1.49) (-1.86) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 9.35% 9.94% --- --- 
Number of Observations 68,196 27,913 53 quarters 53 quarters 
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Table 4.  Empirical Relationship Between Portfolio Concentration and Manager Skill:  

    Four-Factor Model-Based Alpha (cont.) 
 
 

Panel C: Dependent Variable = Log(1÷STRATHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.625 3.634 3.458 3.640 
 (8414) (59.51) (3.39) (3.41) 
  FALPHA > 0 -0.830 -0.653 -0.885 -0.706 
 (-23.19) (-17.38) (-3.34) (-3.35) 
  FALPHA < 0 0.544  0.553  
 (15.15)  (2.84)  
  Log(TNA) 0.071 0.060 0.069 0.048 
 (11.66) (7.66) (3.36) (3.19) 
  VOL 6.834 5.545 11.912 12.796 
 (11.03) (7.06) (2.15) (2.47) 
  FLOW -0.041 0.015 -0.022 0.030 
 (-0.70) (0.26) (-0.31) (0.36) 
  EXPRATIO -0.443 -1.892 -4.102 -22.698 
 (-2.214) (-1.22) (-2.13) (-2.96) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 5.59% 5.85% --- --- 
Number of Observations 57,429 24,087 53 quarters 53 quarters 
 
 
Notes. This display summarizes the findings of regressions of three different measures of portfolio concentration on a measure 
of manager forecasting skill and several other control variables.  Portfolio concentration is measured by the logarithm of the 
number of fund holdings (NHOLD) in Panel A, the lograrithm of the reciprocal of the portfolio-specific Herfindahl Index 
(PORTHI) from equation (4) in Panel B or the logarithm of the reciprocal of the strategy-adjusted Herfindahl index 
(STRATHI) from equation (5) in Panel C.  Manager skill is measured as the abnormal return (i.e., FALPHA) relative to the 
four-factor Carhart (1997) model in equation (6) estimated over the 24-month period prior to the month when portfolio 
concentration is measured.  The Alpha measure is divided into positive (i.e., positive skill) and negative (no skill or negative 
skill) values.  Control variables are included for total fund assets (TNA), fund return volatility (VOL), net fund flows (FLOW), 
and fund expense ratio (EXPRATIO); fund-level and quarterly fixed effects are also included.  Both panel regressions and 
Fama-MacBeth (1973) regression equations are estimated with Newey and West (1987) adjustments for standard errors; t-
statistics are shown parenthetically beneath the estimated coefficients. 
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Table 5. Empirical Relationship Between Portfolio Concentration and Manager Skill: Benchmark-Adjusted Alpha 
 
 

Panel A: Dependent Variable = Log(NHOLD) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.667 3.617 3.882 4.119 
 (113.67) (92.53) (3.43) (3.40) 
 BALPHA > 0 -18.200 -17.054 -21.841 -19.197 
 (-10.43) (-8.74) (-2.79) (-2.85) 
 BALPHA  < 0 23.759  25.068  
 (12.58)  (2.78)  
  Log(TNA) 0.125 0.128 0.123 0.116 
 (27.19) (22.95) (3.366) (3.33) 
  VOL 3.202 3.630 0.387 -0.319 
 (8.05) (7.31) (0.28) (-0.22) 
  FLOW -0.100 -0.026 -0.131 -0.061 
 (-2.47) (-0.45) (-1.57) (-0.95) 
  EXPRATIO -0.857 -0.927 -4.060 -17.328 
 (-4.03) (-3.027) (-2.67) (-2.42) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 8.88% 9.41% --- --- 
Number of Observations 57,429 24,087 53 quarters 53 quarters 

 
 
 

Panel B: Dependent Variable = Log(1÷PORTHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.470 3.404 3.571 3.670 
 (128.02) (102.09) (3,42) (3.40) 
 BALPHA > 0 -27.580 -28.789 -35.010 -34.329 
 (-18.52) (-17.55) (-3.04) (-3.11) 
 BALPHA  < 0 31.037  48.785  
 (17.40)  (3.10)  
  Log(TNA) 0.068 0.071 0.066 0.062 
 (18.94) (16.25) (3.32) (3.25) 
  VOL 3.904 5.256 3.769 4.718 
 (11.32) (12.07) (1.85) (1.99) 
  FLOW -0.101 -0.087 -0.121 -0.174 
 (-2.83) (-1.70) (-1.42) (-2.059) 
  EXPRATIO -0.435 -0.463 -3.081 -11.125 
 (-2.83) (-2.31) (-2.56) (-2.46) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 7.63% 8.91% --- --- 
Number of Observations 57,429 24,087 53 quarters 53 quarters 
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Table 5.  Empirical Relationship Between Portfolio Concentration and Manager Skill:  
    Benchmark-Adjusted Alpha (cont.) 

 
 
 

Panel C: Dependent Variable = Log(1÷STRATHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.683 3.613 3.794 4.108 
 (83.79) (68.79) (3.43) (3.41) 
 BALPHA > 0 -49.112 -47.306 -61.133 -59.103 
 (-20.85) (-18.74) (-3.09) (-3.14) 
 BALPHA  < 0 48.443  47.001  
 (16.08)  (2.71)  
  Log(TNA) 0.065 0.068 0.062 0.054 
 (10.69) (10.27) (3.39) (3.26) 
  VOL 6.190 6.851 5.596 4.479 
 (10.09) (9.33) (1.95) (2.27) 
  FLOW -0.097 -0.090 -0.185 -0.203 
 (-1.69) (-1.12) (-2.04) (-1.95) 
  EXPRATIO -0.504 -0.568 -3.452 -20.415 
 (-2.49) (-1.93) (-2.05) (-2.26) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 6.12% 7.50% --- --- 
Number of Observations 57,429 24,087 53 quarters 53 quarters 
 
 
Notes. This display summarizes the findings of regressions of three different measures of portfolio concentration on a measure 
of manager forecasting skill and several other control variables.  Portfolio concentration is measured by the logarithm of the 
number of fund holdings (NHOLD) in Panel A, the lograrithm of the reciprocal of the portfolio-specific Herfindahl Index 
(PORTHI) from equation (4) in Panel B or the logarithm of the reciprocal of the strategy-adjusted Herfindahl index 
(STRATHI) from equation (5) in Panel C. Manager skill is measured as the benchmark-adjusted alpha (i.e., BALPHA) relative 
to the fund’s best-fit strategy index in equation (7), estimated over the 24-month period prior to the month when portfolio 
concentration is measured.  The BALPHA measure is divided into positive (i.e., positive skill) and negative (no skill or 
negative skill) values.  Control variables are included for total fund assets (TNA), fund return volatility (VOL), net fund flows 
(FLOW), and fund expense ratio (EXPRATIO); fund-level and quarterly fixed effects are also included.  Both panel regressions 
Fama-MacBeth (1973) regression equations are estimated with Newey and West (1987) adjustments for standard errors; t-
statistics are shown parenthetically beneath the estimated coefficients. 
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Table 6.  Empirical Relationship Between Portfolio Concentration and Manager Skill: Manipulation-Proof 
      Performance Measure 

 
 

Panel A: Dependent Variable = Log(NHOLD) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 4.199 4.200 4.237 4.310 
 (81.39) (61.94) (3.42) (3.37) 
 Fund MPPM > Market MPPM -0.099 -0.035 -1.203 -2.036 
 (-1.57) (-0.52) (-2.38) (-2.17) 
 Fund MPPM  < Market MPPM 0.182  0.214  
 (2.54)  (0.67)  
  Log(TNA) 0.096 0.090 0.099 0.085 
 (19.71) (13.65) (3.40) (3.00) 
  VOL 2.744 3.711 0.531 4.317 
 (5.88) (6.07) (0.30) (1.44) 
  FLOW -0.193 -0.334 -0.157 -0.179 
 (-4.77) (-6.56) (-1.58) (-1.45) 
  EXPRATIO -38.097 -38.672 -35.125 -42.349 
 (-13.87) (-10.30) (-3.35) (-2.52) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 9.10% 8.34% --- --- 
Number of Observations 56,281 26,571 53 quarters 53 quarters 

 
 
 

Panel B: Dependent Variable = Log(1÷PORTHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.749 3.812 3.568 4.056 
 (83.89) (68.87) (3.39) (3.36) 
 Fund MPPM > Market MPPM -0.056 -0.120 -1.032 -3.406 
 (-1.05) (-2.18) (-1.82) (-2.84) 
 Fund MPPM  < Market MPPM 0.404  1.115  
 (6.19)  (1.85)  
  Log(TNA) 0.051 0.043 0.052 0.045 
 (12.78) (8.19) (3.36) (2.57) 
  VOL 3.649 3.282 4.979 3.225 
 (8.90) (6.52) (1.70) (1.50) 
  FLOW -0.181 -0.204 -0.179 -0.042 
 (-4.97) (-4.63) (-1.70) (-0.43) 
  EXPRATIO -24.886 -22.630 -22.271 -26.720 
 (-11.12) (-7.79) (-3.29) (-2.45) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 4.81% 3.83% --- --- 
Number of Observations 56,281 26,571 53 quarters 53 quarters 
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Table 6.  Empirical Relationship Between Portfolio Concentration and Manager Skill: Manipulation-Proof 
      Performance Measure (cont.) 

 
 

Panel C: Dependent Variable = Log(1÷STRATHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 4.169 4.421 3.792 4.395 
 (54.35) (45.15) (3.32) (3.35) 
 Fund MPPM > Market MPPM 0.092 0.015 -0.622 -5.709 
 (0.97) (0.14) (-0.62) (-2.46) 
 Fund MPPM  < Market MPPM 0.396  1.797  
 (3.28)  (1.71)  
  Log(TNA) 0.037 0.020 0.039 0.022 
 (5.93) (2.45) (3.23) (1.40) 
  VOL 5.058 3.947 8.106 9.737 
 (6.85) (4.27) (1.67) (1.51) 
  FLOW -0.278 -0.421 -0.259 -0.164 
 (-4.78) (-6.45) (-2.07) (-0.58) 
  EXPRATIO -42.922 -48.839 -38.243 -24.657 
 (-11.16) (-9.37) (-3.13) (-1.58) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 3.40% 3.41% --- --- 
Number of Observations 56,281 26,571 53 quarters 53 quarters 
 
 
Notes. This display summarizes the findings of regressions of three measures of portfolio concentration on a measure of 
manager forecasting skill and several other control variables.  Portfolio concentration is measured by the logarithm of the 
number of fund holdings (NHOLD) in Panel A, the lograrithm of the reciprocal of the portfolio-specific Herfindahl Index 
(PORTHI) from equation (4) in Panel B or the logarithm of the reciprocal of the strategy-adjusted Herfindahl index 
(STRATHI) from equation (5) in Panel C.  Manager skill is measured as the manipulation-proof performance measure (i.e., 
MPPM) of Ingersoll et al (2007) model in equation (8) estimated over the 24-month period prior to the month when portfolio 
concentration is measured.  The fund-specific MPPM measure is divided into values that are greater than the MPPM for the 
overall market (i.e., positive skill) or is less than or equal to the market MPPM (no skill or negative skill).  Control variables are 
included for total fund assets (TNA), fund return volatility (VOL), net fund flows (FLOW), and fund expense ratio 
(EXPRATIO); fund-level and quarterly fixed effects are also included.  Both panel and Fama-MacBeth (1973) regression 
equations are estimated with Newey and West (1987) adjustments for standard errors; t-statistics are shown parenthetically 
beneath the estimated coefficients. 
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Table 7.  Empirical Relationship Between Portfolio Concentration and Manager Skill: Factor Model-Based and 
     Benchmark-Adjusted Information Ratios 

 
 

Panel A: Dependent Variable = Log(NHOLD) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.505 3.598 3.781 3.827 
 (91.31) (107.10) (3.55) (3.43) 
  IRF > 0 -0.169  -0.254  
 (-3.55)  (-2.27)  
  IRF < 0 -0.314  -0.412  
 (-7.31)  (-2.26)  
  IRB > 0  0.015  0.099 
  (0.46)  (1.39) 
  IRB < 0  -0.100  -0.244 
  (-1.89)  (-1.68) 
  Log(TNA) 0.161 0.128 0.154 0.125 
 (31.51) (27.54) (3.47) (3.37) 
  VOL -0.411 2.186 -3.641 -1.646 
 (-0.89) (5.66) (-2.09) (-1.09) 
  FLOW -0.040 -0.179 0.069 -0.209 
 (-0.93) (-4.42) (0.81) (-2.14) 
  EXPRATIO -1.217 -0.854 -10.971 -4.433 
 (-3.43) (-3.70) (-1.89) (-2.60) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 8.00% 7.51% --- --- 
Number of Observations 68,196 56,281 53 quarters 53 quarters 
 
 

Panel B: Dependent Variable = Log(1÷PORTHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.505 3.374 3.781 3.466 
 (91.31) (116.53) (3.55) (3.42) 
  IRF > 0 -0.169  -0.254  
 (-3.55)  (-2.27)  
  IRF < 0 -0.314  -0.412  
 (-7.31)  (-2.26)  
  IRB > 0  0.031  0.077 
  (1.05)  (1.10) 
  IRB < 0  -0.016  -0.011 
  (-0.35)  (-0.17) 
  Log(TNA) 0.161 0.074 0.154 0.071 
 (31.51) (19.75) (3.47) (3.30) 
  VOL -0.411 2.548 -3.641 1.454 
 (-0.89) (7.45) (-2.09) (0.80) 
  FLOW -0.040 -0.165 0.069 -0.174 
 (-0.93) (-4.54) (0.81) (-1.93) 
  EXPRATIO -1.217 -0.437 -10.971 -3.723 
 (-3.43) (-2.40) (-1.89) (-2.51) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 8.00% 3.72% --- --- 
Number of Observations 68,196 56,281 53 quarters 53 quarters 
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Table 7.  Empirical Relationship Between Portfolio Concentration and Manager Skill: Factor Model-Based and 
     Benchmark-Adjusted Information Ratios (cont.) 

 
 
 

Panel C: Dependent Variable = Log(1÷STRATHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.505 3.493 3.781 3.549 
 (91.31) (76.71) (3.55) (3.41) 
  IRF > 0 -0.169  -0.254  
 (-3.55)  (-2.27)  
  IRF < 0 -0.314  -0.412  
 (-7.31)  (-2.26)  
  IRB > 0  0.036  0.097 
  (0.80)  (0.90) 
  IRB < 0  -0.343  -0.576 
  (-3.77)  (-1.94) 
  Log(TNA) 0.161 0.074 0.154 0.071 
 (31.51) (11.87) (3.47) (3.38) 
  VOL -0.411 3.951 -3.641 3.364 
 (-0.89) (6.22) (-2.09) (1.05) 
  FLOW -0.040 -0.243 0.069 -0.287 
 (-0.93) (-4.07) (0.81) (-2.60) 
  EXPRATIO -1.217 -0.513 -10.971 -4.594 
 (-3.43) (-2.05) (-1.89) (-2.20) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 8.00% 1.95% --- --- 
Number of Observations 68,196 56,281 53 quarters 53 quarters 
 
 
Notes. This display summarizes the findings of regressions of three different measures of portfolio concentration on a measure 
of manager forecasting skill and several other control variables.  Portfolio concentration is measured by the logarithm of the 
number of fund holdings (NHOLD) in Panel A, the lograrithm of the reciprocal of the portfolio-specific Herfindahl Index 
(PORTHI) from equation (4) in Panel B or the logarithm of the reciprocal of the strategy-adjusted Herfindahl index 
(STRATHI) from equation (5) in Panel C.  Manager skill is proxied by two different information ratio statitics: the factor-based 
information ratio (IRF) measured as the ratio of the intercept coefficient divided by the standard error of the regression from the 
risk model in (6), and the benchmark-based information ratio (IRB) measured as the ratio of the benchmark alpha in (7) divided 
by the tracking error associated with BALPHA.  Both IRF and IRB are estimated over the 24-month period prior to the month 
when portfolio concentration is measured.  Control variables are included for total fund assets (TNA), fund return volatility 
(VOL), net fund flows (FLOW), and fund expense ratio (EXPRATIO); fund-level and quarterly fixed effects are also included.  
Both panel regressions and Fama-MacBeth (1973) regression equations are estimated with Newey and West (1987) adjustments 
for standard errors; t-statistics are shown parenthetically beneath the estimated coefficients. 
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Table 8.  Non-Linearities in the Relationship Between Portfolio Concentration and Manager Skill 
 
 

Dependent Variable = Log(NHOLD) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 4.229 4.239 4.274 4.337 
 (83.98) (83.26) (3.42) (3.43) 
  FALPHA > 0 -0.145  -0.241  
 (-3.11)  (-1.54)  
  FALPHA < 0 0.295  0.332  
 (12.14)  (2.98)  
 Sqrt(FALPHA > 0) -0.387  -0.357  
 (-7.80)  (-2.20)  
  BALPHA > 0  -5.050  -2.146 
  (-1.32)  (-0.32) 
  BALPHA < 0  23.631  29.182 
  (11.20)  (2.89) 
 Sqrt(BALPHA > 0)  -1.397  -1.750 
  (-3.05)  (-1.59) 
  Log(TNA) 0.100 0.095 0.102 0.098 
 (21.08) (19.89) (3.40) (3.40) 
  VOL 3.654 3.294 3.237 1.433 
 (9.38) (8.28) (1.50) (0.97) 
  FLOW -0.031 -0.148 -0.035 -0.175 
 (-0.79) (-3.65) (-0.43) (-1.92) 
  EXPRATIO -32.971 -34.939 -31.973 -33.049 
 (-12.36) (-13.01) (-3.38) (-3.34) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 11.48% 10.09% --- --- 
Number of Observations 68,196 56,281 53 quarters 53 quarters 
 
 
Notes. This display reports regressions of portfolio concentration, as measured by the logarithm of the number of fund holdings 
(NHOLD), on manager forecasting skill, allowing for the possibility of a non-linear form to the relationship.  Manager skill is 
measured as the abnormal return relative to the four-factor risk model  (i.e., FALPHA) or the benchmark-adjusted alpha relative 
to the fund’s best-fit strategy index (i.e., BALPHA), estimated over the 24-month period prior to the month when portfolio 
concentration is measured.  The non-linear term is represented as the square root of positive values of the skill variables (i.e., 
Sqrt(FALPHA > 0) and Sqrt(BALPHA > 0), respectively).  Control variables include total fund assets (TNA), fund return 
volatility (VOL), net fund flows (FLOW), and fund expense ratio (EXPRATIO); fund-level and quarterly fixed effects are also 
included.  Both panel regressions Fama-MacBeth (1973) regression equations are estimated with Newey and West (1987) 
adjustments for standard errors; t-statistics are shown parenthetically beneath the estimated coefficients. 
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Table 9.  Assessing the Skill-Concentration Relationship in Funds Holding Fewer Than 500 Stock Positions 
 
 

Panel A: Dependent Variable = Log(NHOLD) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 4.090 4.116 4.121 4.181 
 (93.08) (93.57) (3.42) (3.42) 
  FALPHA > 0 -0.386  -0.432  
 (-17.46)  (-3.28)  
  FALPHA < 0 0.171  0.189  
 (8.91)  (2.56)  
  BALPHA > 0  -16.810  -19.859 
  (-10.39)  (-2.80) 
  BALPHA < 0  24.808  26.584 
  (11.87)  (2.95) 
  Log(TNA) 0.080 0.076 0.081 0.079 
 (19.37) (18.49) (3.41) (3.41) 
  VOL 2.787 2.701 2.581 1.474 
 (8.44) (7.97) (1.45) (1.14) 
  FLOW -0.061 -0.104 -0.083 -0.150 
 (-1.72) (-2.89) (-1.11) (-1.91) 
  EXPRATIO -21.850 -22.649 -21.108 -21.087 
 (-10.03) (-10.41) (-3.39) (-3.35) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 8.78% 7.46% --- --- 
Number of Observations 52,908 52,908 53 quarters 53 quarters 
 
 
 

Panel B: Dependent Variable = Log(1÷PORTHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 3.711 3.752 3.633 3.757 
 (90.89) (93.14) (3.41) (3.42) 
  FALPHA > 0 -0.491  -0.560  
 (-24.41)  (-3.27)  
  FALPHA < 0 0.284  0.313  
 (15.00)  (2.69)  
  BALPHA > 0  -29.453  -35.019 
  (-18.23)  (-3.03) 
  BALPHA < 0  37.586  50.295 
  (18.74)  (3.14) 
  Log(TNA) 0.048 0.043 0.047 0.044 
 (12.78) (11.67) (3.29) (3.29) 
  VOL 4.025 3.941 6.718 4.422 
 (12.45) (11.81) (2.02) (1.92) 
  FLOW -0.058 -0.088 -0.060 -0.123 
 (-1.70) (-2.57) (-0.90) (-1.79) 
  EXPRATIO -14.947 -15.385 -15.839 -14.339 
 (-7.39) (-7.69) (-3.15) (-3.13) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 5.62% 8.21% --- --- 
Number of Observations 52,908 52,908 53 quarters 53 quarters 
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Table 9.  Assessing the Skill-Concentration Relationship in Funds Holding Fewer Than 500 Stock Positions (cont.) 
 
 
 

Panel C: Dependent Variable = Log(1÷STRATHI) 
 

Independent Variable: 
 

Panel Regressions: 
 

Fama-MacBeth Regressions: 
  Constant 4.077 4.140 3.907 4.153 
 (60.58) (62.18) (3.39) (3.41) 
  FALPHA > 0 -0.634  -0.706  
 (-20.34)  (-3.32)  
  FALPHA < 0 0.421  0.416  
 (12.78)  (2.70)  
  BALPHA > 0  -46.838  -57.115 
  (-18.91)  (-3.07) 
  BALPHA < 0  54.919  56.949 
  (16.02)  (2.97) 
  Log(TNA) 0.035 0.030 0.035 0.030 
 (6.33) (5.36) (2.97) (3.01) 
  VOL 4.813 4.787 8.657 4.515 
 (8.78) (8.90) (2.24) (2.21) 
  FLOW -0.093 -0.111 -0.099 -0.210 
 (-1.70) (-2.12) (-1.49) (-2.62) 
  EXPRATIO -25.307 -25.121 -25.513 -22.865 
 (-7.74) (-7.84) (-2.88) (-2.75) 
 
Fund Fixed Effects? 

 
Yes 

 
Yes 

 
--- 

 
--- 

Time Fixed Effects? Yes Yes --- --- 
R-Squared 7.79% 7.06% --- --- 
Number of Observations 52,908 52,908 53 quarters 53 quarters 
 
 
 
Notes. This display summarizes the findings of panel regressions of three measures of portfolio concentration on a measure of 
manager forecasting skill and several other control variables.  Portfolio concentration is measured by the logarithm of the 
number of fund holdings (NHOLD) in Panel A, the lograrithm of the reciprocal of the portfolio-specific Herfindahl Index 
(PORTHI) from equation (4) in Panel B or the logarithm of the reciprocal of the strategy-adjusted Herfindahl index 
(STRATHI) from equation (5) in Panel C.  Manager skill is measured as FALPHA from equation (6) or BALPHA from 
equation (7).  Results are shown for a data sample restricted to include mutual funds with fewer than 500 distinct total holdings.  
Control variables are included for total fund assets (TNA), fund return volatility (VOL), net fund flows (FLOW), and fund 
expense ratio (EXPRATIO); fund-level and quarterly fixed effects are also included.  Regression equations are estimated with 
Newey and West (1987) adjustments for standard errors; t-statistics are shown parenthetically beneath the estimated 
coefficients. 
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Figure 1.  Investor Skill and Optimal Portfolio Size 
 
 
 
 
 
 
 
 
 
 

 
 
Notes. This graph illustrates the optimal number of securities to hold in a portfolio depending on the investor’s skill level in selecting the best 
performing positions over a holding period.  The investor is assumed to be risk averse and forms the portfolio from a three-security investable 
universe to maximize expected utility of terminal wealth, as given by 𝑢(𝑊) =  𝑊

1−𝛾

1−𝛾
.  The returns for the three securities are deterministic and 

assumed to be Rh > 0, 0, and Rl < 0, respectively.  In this illustration, the relevant parameters are set at the following levels: 𝑅ℎ = 20%,𝑅𝑙 = −15%, 
and 𝛾 = 5. 
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Figure 2. Simulated Investment Performance for Managers With Different Forecasting Skill and Portfolio Concentration Levels 
 

 
 
 
Notes. This display shows the total average annual returns to a base case simulation of a portfolio formation process using a universe of 178 stocks 
from U.S. markets having a market capitalization of at least $20 billion.  Forecast accuracy levels range from FA = 0.0 (no skill) to 2.0 in increments 
of 0.1.  The stock return data is drawn from the period January 2006-December 2014 and a three-year forecast horizon period is assumed.  For each 
manager skill level, portfolios of size 1 < N < 178 are formed, with the simulation including at least 1,000 trials for each [N, FA] combination. 
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Figure 3.  Simulated Alpha-Tracking Error Tradeoff for Managers With Different Forecasting Skill and Portfolio  
Concentration Levels 
 

 
 
 
 
Notes.  Using a base case simulation of a portfolio formation process from a universe of 178 U.S. large-cap stocks, this display shows the tradeoff 
between average alpha returns and portfolio tracking error for managers of different skill levels.  Forecast accuracy levels range from FA = 0.0 (no 
skill) to 1.0 in increments of 0.1.  The stock return data is drawn from the period January 2006-December 2014 and a three-year forecast horizon 
period is assumed.  For each manager skill level, portfolios of size 1 < N < 178 are formed, with the simulation including at least 1,000 trials for each 
[N, FA] combination.  Each iso-skill curve indicates position of portfolios of different sizes with N ranging from nine to 120. 
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Figure 4.  Distribution of Number of Portfolio Positions Held by the U.S.-Equity Mutual  
Fund Sample 

 
 

 
 
 
Notes. This exhibit shows the distribution of the number of distinct security holdings maintained in each of the 
68,196 quarterly fund observations during the sample period from January 2002 to March 2015. 
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Figure 5.  Comparison of the Manager Skill-Portfolio Concentration Tradeoff in the Simulated 
  Portfolios Versus the Mutual Fund Sample 
 
 
A. Simulated Portfolios 
 

 
 

B. Mutual Fund Sample 
 

 
 
 
 
 
Notes.  This exhibit shows the relationship between manager skill and the optimal number of portfolio holdings from 
the simulation analysis (Panel A) or the regression-based estimates of the number of portfolio holdings in the mutual 
fund sample (Panel B).  Manager skill is measured as the excess return relative to the 178-stock universe in Panel A 
and relative to the four-factor risk model in Panel B. 


