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HOW INEFFICIENT IS THE 1/N STRATEGY
FOR A FACTOR INVESTOR?

Kevin Khanga, Antonio Piccab, Shaojun Zhangc and Minzhi Zhud

The last decade’s dramatic democratization of factor investing has broadened its investor
base to individual investors and their advisors. This paper studies the performance of
classic allocation strategies—1/N , mean–variance, and minimum-variance—from these
investors’perspective. Specifically, we curate commonly available long-only factor funds,
adjust their premia for transaction costs, impose sensible concentration limits, and explic-
itly focus on active risk-and-return properties. Block bootstrap-based simulation shows
that no alternative optimization strategy consistently dominates the simple 1/N strat-
egy in active returns and information ratios. 1/N allocation appears a sensible strategic
allocation for most factor investors without an edge in predicting factor premium.

1 Introduction

Like many great innovations, factor investing has
followed a well-trodden trajectory of adoption
cycle over the last 45 years.1 Initially, interest in
it remained primarily in academic quarters (Ross,
1976; Fama and French, 1992, 1993).2 In the
2000s, factors became a popular source of “alpha”
commonly offered by quantitative hedge funds
(Khandani and Lo, 2011; Kahn, 2018). Over the
last decade, factor investing has become democ-
ratized substantially (Kahn and Lemmon, 2016),
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with virtually all interested investors now harvest-
ing factor premia through commonly available
mutual funds and ETFs. In this new marketplace
of factor investing, long-only products dominate
the product offerings (Dimson et al., 2017). With
this rapid adoption of factor investing, how to allo-
cate with factors in their portfolios has become a
perennial question for investors and advisors. This
paper seeks to answer this question through the
lens of typical factor investors—an investor base
that is evolving with the growing democratization
of factor investing.

The fastest growing group of factor investors
are individual investors and financial advi-
sors. There are notable differences between this
group of investors and sophisticated institutional
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investors—who were once the most typical fac-
tor investors. In general, a simpler approach to
risk-taking is what characterizes these new fac-
tor investors. Indeed, compared to sophisticated
institutional investors, the new breed of factor
investors may have less attention to devote to
financial matters (Grubb, 2015; Campbell, 2016),
limited data, and substantially less computing
capabilities. On asset allocation, many of them
have shown a tendency to adopt a simple alloca-
tion strategy (Benartzi and Thaler, 2001, 2007;
Huberman and Jiang, 2006) and maintain their
strategic allocation for a long time (Ameriks and
Zeldes, 2004). Specifically on factor investing,
they are much less likely to monitor changing fac-
tor exposures; instead, they are focused on setting
their strategic allocation to factor investment.3 In
light of these observations, this paper asks the
following question from individual investors’per-
spective: “What would a factor investor be giving
up by being ‘naïve’ with factors”? Put differently,
“How inefficient might the 1/N allocation be in
factor investing?”

In studying this question, this paper also takes
a purposeful departure from the literature (e.g.,
Fisher and McDonald, 2018) and focuses on var-
ious practical aspects of investment, including
the availability of test assets, tradability, risk
constraints, and investment objectives. First, we
consider three very established factors—value,
momentum and quality—constructed as long-
only strategies in large-cap and small-cap uni-
verses, respectively. Despite the rapid expansion
of the factor offerings, these long-only factor
strategies are the most commercially popular and
liquid products in today’s marketplace.4 Sec-
ond, we adjust for transaction costs following
Novy-Marx and Velikov (2016) and calculate test
asset returns after transaction costs. Third, we
impose various constraints on each asset posi-
tion within the long-only region. Most individual
investors and their financial advisors, as well

as many institutional investors, do not have the
ability to short sell assets systematically. In addi-
tion, many of these investors may prefer a more
measured risk-taking than the simple no short-
sale constraints, which we also consider in our
analysis.

We compare the naïve 1/N strategy with two
sets of classical portfolio allocation strategies,
the mean–variance and minimum-variance opti-
mization. These optimization-based strategies
are computationally more burdensome than the
1/N rule, but may be still implementable for
some factor investors, such as financial advisors.
As practitioners are aware, portfolio construc-
tion based on these optimization-based strategies
requires several decisions—which can quickly
grow to myriads of potential allocations to choose
from. Specifically, we create over 450 distinct and
ex-ante reasonable optimization-based allocation
strategies for factor investors. Furthermore, we
assume that factor investors choose to allocate to
factors to capture the above-market returns that
factors have historically delivered. Accordingly,
we consider the two main performance metrics,
the active return relative to the market and the
risk-adjusted active return, i.e., information ratio.

For the analysis, we block-bootstrap test asset
returns from the historical data 500 times, and
then study the performance of these allocation
strategies. We find that the naïve 1/N strategy is
a surprisingly strong performer. In fact, the 1/N

strategy consistently generates active returns and
risk-adjusted active returns that are close to the
top of over 450 strategies examined. Overall, rel-
ative to 1/N , the potential gain achievable from
an optimization-based allocation strategy appears
limited in our setting.

Our finding—the naïve 1/N strategy is a difficult
allocation strategy to beat in factor investing—
is driven by two connected forces. First, factor
premia of value, momentum, and quality are
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comparable in the presence of realistic trans-
action costs. Second, against this backdrop,
any optimization-based allocation that deviates
from 1/N effectively engages in factor timing—a
source of outperformance that has proved largely
elusive even for professional investors (Madha-
van et al., 2020). In the absence of distinct factor
timing ability, 1/N constitutes an economically
sensible allocation to factor funds. This echoes
the message of DeMiguel et al. (2009) and Jacobs
et al. (2014) in more general asset allocation set-
tings. Furthermore, our finding supports that the
common practice of shrinking to 1/N (usually out
of concerns around estimation errors (Michaud
and Michaud, 2007) may now be extended to
factor allocation.

Our paper also contributes to the voluminous
literature on factor-aware allocation (e.g., Aliaga-
Diaz et al., 2020; Bass et al., 2017; Blyth et al.,
2016). While this strand of literature has primar-
ily focused on methodological advances, it has
generated little consensus on how to best integrate
factors into portfolio construction thus far. Farther
afield is an actionable factor allocation benchmark
for less-resourced investors5 who may not have
the ability or desire to implement the method-
ological advances in their portfolio (Idzorek and
Kowara, 2013; Kritzman, 2021). The robust per-
formance of the 1/N strategy in our finding makes
it a credible benchmark for assessing the efficacy
of current and future innovations in factor-aware
allocations. Adopting 1/N factor portfolio as a
potential benchmark, this growing literature on
factors and allocation may sharpen the merits of
each new methodological innovation on concrete
terms—the delivery of best active returns and
risk-adjusted active returns, over and above 1/N .

The rest of this paper is organized as follows.
We begin with a description of the data and our
empirical set-up, where we also review a bevy of
portfolio construction approaches considered in

this study. Next, we compare the performances
of these allocation strategies based on return and
risk-adjusted returns. Finally, we conclude with a
few observations on how to take our findings to
the practice of factor investing—that is, allocat-
ing among factor funds in the greater context of
equity allocation.

2 Data

In this paper, we examine three types of fac-
tors: value, momentum, and quality. These factors
have gone through years of extensive research
by academics and practitioners, and represent
the set of factors that have become most com-
monly available in the marketplace in the recent
decade.6 The other factor often discussed in the
academic literature is the size factor. We do not
treat size as a separate factor in this study. Instead,
we construct these three factors in two different
capitalization universes—large-cap and small-
cap—in the spirit of Fama and French (1992,
1993), respectively. Furthermore, because the
factor products available in the marketplace are
predominantly long-only products, we construct
long-only counterparts.

As building blocks of the study, we use value-
weighted long-only factor funds that take material
bets (rather than tilts). These represent the types of
factor funds that are broadly available in the mar-
ketplace, yet without dilution of factor premium.
We source the proxies of such factor funds from
Ken French’s data library. Specifically, we take
the monthly returns of the long legs of the three
factors—value, momentum, and quality—from
each cap universe. Market portfolio and risk-free
returns are also from Ken French’s data library.
The data is monthly and from July 1963 to June
2020.

We pay special attention to the factor tradabil-
ity in this study. An important point where
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“the rubber meets the road” on factor invest-
ing concerns transaction costs. While the extant
literature on allocation strategies typically stud-
ies the paper returns gross of transaction costs,
adjusting for transaction costs have important
implications for factor allocation strategies. Dif-
ferent factors in different capitalization space
tend to have different turnover and transaction
costs. To adjust for the transaction costs of our
factor portfolios, we follow the estimates of
Novy-Marx and Velikov (2016). For the Value
and Quality portfolios, we subtract 10% of the
monthly average (pre-transaction cost) factor pre-
mium from each monthly active return; for
the momentum portfolios, the adjustment is by
50%.7,8

Table 1 shows key statistics of the six fac-
tor funds, the market, and one-month Treasury
bills. The first two columns report the annual-
ized active return of the factor funds over the
market gross of the transaction costs (first col-
umn) and net of the transaction costs (second

column). While the pre-transaction paper return
of the momentum portfolios is much higher than
the other factor portfolios, the difference is much
smaller, or even disappears, after accounting for
the realistic transaction costs. This is primarily
driven by the significantly more frequent rebal-
ancing required to maintain healthy exposure to
momentum relative to other factor portfolios (see
Korajczyk and Sadka, 2004; Frazzini et al., 2015).
It is worth noting that these transaction costs
are applied throughout the entire period, regard-
less of whether the factor portfolio is delivering
a premium or not. This translates into uneven
transaction cost adjustments across the six fac-
tor portfolios. For example, the factor premium
of the small-cap momentum portfolio shrinks by
60%–10% over the 50% adjustment—after the
transaction cost adjustment, because its historical
premium was earned in a relatively narrow win-
dow of the sample period. The remaining columns
of Exhibit 1 are all based on monthly returns after
adjusting for transaction costs. The information
ratio (IR) is annualized.

Table 1 Factor, market, and risk-free asset characteristics.

Ann. Active Return, Ann. Active Return,
pre-transaction post-transaction Max.

costs (%) costs (%) IR Mean (%) SD (%) Drawdown (%)

Large Cap
Value 1.46 1.28 0.15 1.04 4.97 −62.16
Quality 1.28 1.15 0.31 1.00 4.34 −47.97
Momentum 2.97 1.36 0.21 1.03 4.80 −49.07

Small Cap
Value 4.33 3.80 0.36 1.26 5.68 −60.95
Quality 3.25 2.80 0.27 1.21 6.07 −62.43
Momentum 6.92 2.77 0.25 1.22 6.17 −56.64

Market — — — 0.91 4.43 −50.39
Risk-Free — — −0.36 0.38 0.26 0.00

Source: Authors’ calculations are based on the data from Ken French’s data library.
Note: Based on monthly returns from July 1963 to June 2020. Active returns are in excess of the market return. Past performance is
no guarantee of future returns.
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3 Methodology

This section describes the research design of our
study. We first outline the allocation strategies
and discuss a wide range of implementation varia-
tions. Next, we introduce the block bootstrapping
procedure used to generate the breadth of return
environments in our study. Finally, we explain
the metrics chosen to evaluate the efficacy of
allocation strategies.

3.1 Allocation strategies

We consider three types of allocation strategies:
1/N , mean–variance, and minimum-variance.
All of them have been studied extensively in
the literature, and their definitions are kept brief
accordingly. Rather than the general debate on
the allocation methodology in a wide range of set-
tings (e.g., DeMiguel et al., 2009; Kritzman et al.,
2010), our focus here is what appears to be most
effective within the context of allocating with
long-only factor funds. As a result, we pay spe-
cial attention to the potential pros and cons of each
approach ex-ante in light of our understanding of
the literature.

1/N (Naïve): The baseline strategy that we con-
sider is the seemingly naïve 1/N strategy. Boast-
ing the longest history in existence9 and counting
simplicity and intuitiveness as its virtues, this
approach is commonly adopted by individual
investors (Benartzi and Thaler, 2001, 2007;
Huberman and Jiang, 2006). By equally weight-
ing all assets under consideration, this approach
obviates the need to form expectations on future
returns, volatilities, and correlations. Follow-
ing 1/N , an investor would knowingly allocate
equally across all allocation assets at all times,
going against the urge to adjust for uncondi-
tional return and volatility differences or time the
returns or volatilities. Despite its simplistic exte-
rior, there are reasons to suspect that 1/N may
be a reasonable approach. First, as reported in

Exhibit 1, the factor premia of these factor funds
after transaction costs are generally of similar
magnitudes, suggesting that 1/N may not blindly
leave returns on the table. Second, active returns
of value, momentum and quality factor funds are
known to have low correlations with one another
in general (Asness et al., 2013)—another condi-
tion that suggests that 1/N may be a reasonable
approach since it will achieve a reasonable degree
of diversification over time.

Mean–variance (MV hereafter): Owing to the
seminal work by Markowitz (1952), MV iden-
tifies an allocation that jointly maximizes the
expected return and minimizes the expected
volatility of the portfolio. The strength of this
approach is its conceptual alignment with the
objective of most investors—to generate the high-
est return for a given level of volatility the investor
is willing to take. As discussed, we are interested
in investors who approach factor investing for
active returns in exchange for a tracking error.
To reflect this tradeoff in the active space, we
set the base asset to the market and set up our
optimization as follows:

max xT E(r̃) − γ

2
xT

∑̃
x,

in which x denotes the portfolio weights in value,
momentum, quality, E(r̃) is a vector of portfolio
asset active returns over the market, and

∑̃
is the

estimated covariance matrix for the active returns.
The risk aversion parameter γ is set to 3.10 In this
active risk–return set-up, the market is the “risk-
free” asset with zero expected active return and
zero active risk. The portion of portfolio unin-
vested in the factor funds is held in the market by
default.

Empirical assessment of MV’s efficacy with fac-
tor funds has been rare in the literature to date.11

On one hand, MV may be effective in allocating
toward factor strategies with the best risk–return
trade-off. And a key condition for this to hold is
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Exhibit 1 Rolling 36-month active return relative to the market.

Source: Authors’ calculations are based on the data from Ken French’s data library.
Note: Based on monthly returns from July 1963 to June 2020. Active returns are in excess of the market return. See text for additional
details. Past performance is no guarantee of future returns.

that factor returns are largely stable over time.
On the other hand, several recent studies docu-
ment that various factor returns are generally time
varying.12 For example, Value may be dormant
for over a decade, and suddenly deliver an out-
sized return concentrated in a few years’ time as
the market cycle transitions (Khang and Picca,
2021). Indeed, Haddad et al. (2020) show that fac-
tor returns go in and out of style for an extended
period, at about business-cycle frequency. This
predictability of factor returns has implications
for the efficacy of MV with factors. Notably,
any static and backward-looking method of return
forecasting may have an extended period of high
predictive efficacy when the factor’s momentum
is strong, as well as poor efficacy when the factor
is dormant.

Minimum-variance (GMV hereafter): Most of
the time, volatility is highly persistent and has
a good forecasting property. On the other hand,
returns are highly noisy over a short enough hori-
zon and, as such, difficult to predict well with
consistency. This contrast in forecast efficacy
led to an alternative approach that only utilizes

volatility forecast in allocation, including risk
parity (Fleming et al., 2001; Qian, 2011) and
minimum-variance (Clarke et al., 2006) portfo-
lios. These portfolios are agnostic on expected
return differentials across the allocation assets.
Instead, the focus is to minimize the portfolio
risk measured by volatility. We derive a GMV
portfolio in an optimization set-up as follows:

max −γ

2
xT

∑̃
x,

in which x denotes the portfolio weights that sum
up to 1, and

∑̃
is the estimated covariance matrix

of active returns. We again set the risk aversion
parameter γ to 3. Solving this problem leads us
to identify a portfolio of factor funds that runs
a minimum tracking error ex-ante relative to the
market portfolio.

In factor investing, minimum-variance portfolio
is typically discussed as a distinct factor with an
attractive risk–return profile (Ang et al., 2006;
Frazzini and Pedersen, 2014). In practice, min-
imum volatility portfolios are popular among
investors who intend to harvest the equity market
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risk premium but desire a lower volatility. Similar
to MV, however, few studies have directly exam-
ined the efficacy of volatility forecasting using
factor funds as allocation assets. The strand of the
literature most closely aligned to this topic inves-
tigates the merits of volatility timing in individual
factors (Cederburg et al., 2020; Moreira and Muir,
2017), rather than the portfolio of multiple fac-
tor funds. In terms of model estimation, GMV
requires empirical estimation of the covariance
matrix. Since our study explores an allocation
over at most four funds—value, momentum, qual-
ity, and the market—there is a good chance that
the sample covariance matrix is estimated quite
precisely. This assuages the long-running con-
cern in the literature that estimation of a large
covariance matrix (often of a large number of
individual securities) may contribute to “error
maximization” in an optimization-based solution
(see, for example, Michaud, 1989; Ledoit and
Wolf, 2003).

3.2 Allocation implementations

How might investors implement these alloca-
tion strategies with the long-only factor funds?
Taking care in answering this question from an
individual investor’s perspective constitutes the
core contribution of this paper to the literature.
To implement, both strategies require estimat-
ing the covariance matrix, and MV also requires

the determination of expected active returns as
input. Table 2 lists the three key margins of imple-
mentation. The first margin (Margin 1) concerns
the number of assets considered. Which factor
funds should the investor include when forming
a factor portfolio? This is a common question
that investors confront as they look to allocate to
factors. We consider all possible configurations
based on the three long-only factors funds and
the market.

The second margin (Margin 2) concerns how
investors form expectations around the first and/or
second moment parameters. We consider four
distinct types of backward-looking estimation
windows. The first option uses the first 20 years of
data to estimate the mean returns and covariance
matrix. Once we obtain the optimal allocation
based on these parameters, moving forward, the
allocation is fixed out of sample. The second
option estimates the mean returns and covariance
matrix with an expanding window, starting with
the first 20 years of data. The third option forms
mean return and covariance matrix expectations
with a rolling 10-year window but makes sure that
the evaluation sample starts at the same point as
those of the other two options. The last option
estimates the parameters with a rolling 20-year
window. In the latter three types, the alloca-
tion changes monthly in response to the changing
estimates.

Table 2 Implementation variations: MV and GMV portfolios.

Implementation Margin 1: Implementation Margin 2: Implementation Margin 3:
Allocation assets Parameter estimation Constraints on allocation weights

Three factor funds + Market First 20 years of data; [0, 100%] (“long-only” constraint)
no subsequent changes

Expanding window starting [10%, 90%]
with the first 20 years of data

Two factor funds + Market 10-year rolling window [(1/N − modest)%, (1/N + modest)%]
One factor fund + Market 20-year rolling window [(1/N − minor)%, (1/N + minor)%]

Source: Authors.
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The third margin (Margin 3) of implementa-
tion concerns adding constraints on optimization
results. Most individual investors and financial
advisors do not engage in short selling (Kelley
and Tetlock, 2017). Furthermore, many of these
investors may have a much tighter risk budget
than the no short-selling constraint. Therefore,
we consider four types of constraints on alloca-
tion weights with an increasing level of tightness.
The first constraint ([0, 100%]) is a simple long-
only constraint on each allocation asset, and is
least likely to bind. The second constraint ([10%,
90%]) requires that every allocation asset be given
at least 10%, and at most 90%, of the alloca-
tion. This can be thought of a subtle shrinkage
toward 1/N . The third and fourth constraints go
further in the direction of shrinking toward 1/N ,
with the third option having moderate room (and
the fourth option having much less room) for the
unconstrained optimization to determine the final
allocation.13 While the literature has long recog-
nized the downside risk of “error maximization”
(Michaud, 1989) and has made steady progress
toward robust optimization,14 many of these
advances are still admittedly beyond the reach of
individual investors and financial advisors. The
various constraints we implement in Margin 3 can
be viewed as an approachable way of implement-
ing some of these robust-optimization ideas.

For 1/N approach, we consider eight cases within
each market cap space:

(1) 1/3 over the three factor funds;
(2) 1/4 over the three factor funds and the market;
(3) 1/2 over either pair of the three factor funds

(three cases); and
(4) 1/3 over either pair of the three factor funds

and the market (three cases).

Finally, we also consider a case in which
100% of the portfolio is allocated to the market
portfolio—the case of no risk-taking in active

risk space. Combinations of the seemingly plain-
vanilla choices outlined above yield as many as
236 different model choices in each cap space,
respectively. In all cases, we rebalance the port-
folio every month according to the strategy.
And, in keeping with incorporating the impact
of transaction costs, we assume 10 basis points
of transaction costs associated with the monthly
rebalancing of these factor funds.15

3.3 Block bootstrapping

Having determined 471 distinct models to com-
pare, we now discuss the return environment of
our study. We block bootstrap returns using the
actual historical returns from 1963 to 2020. Boot-
strapping allows us to create a distribution of
multiple return environments that are anchored
to the 1963–2020 period. Block bootstrapping,
in particular, provides a number of advantages
that are relevant for factor investing. First, with
block bootstrapping, we preserve much of the
non-normality in each fund’s return distribu-
tion. Second, block bootstrapping also preserves
various return dynamics such as cross-factor
correlations, serial-correlations, and cross-factor
serial-correlations. Importantly, block bootstrap-
ping allows us to conduct real out-of-sample tests
as much as we can to avoid the data snooping bias.
Arnott et al. (2019) offer a recent example of mod-
eling factor returns with block bootstrapping to
study the range of outcomes one may expect from
factor investing. Similar to Arnott et al. (2019),
we bootstrap 1-year return blocks with replace-
ment from the 1963−2020 historical returns to
generate 500 separate return environments of the
same sample size as in the data.16

3.4 Performance metrics

Many individual investors and financial advisors
tend to make infrequent changes in the strategic
allocation target, often maintaining the allocation
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over the life-cycle (Ameriks and Zeldes, 2004).
They also engage in sensible rebalancing as the
market fluctuates over time (Calvet et al., 2009).
These behaviors are consistent with our view that
individual investors generally invest for the long
term. Adopting the perspective of these long-term
investors who invest in factor products in pursuit
of additional returns beyond the market, we focus
on active returns relative to the market as the most
relevant aspect of factor investment. Specifically,
we use annualized active return and information
ratio as the two key performance metrics with
which we compare performance of various alloca-
tion strategies. The information ratio is calculated
as the average ratio of the monthly active return
over the monthly tracking error.

4 How Inefficient is 1/N?

As discussed, there are 236 unique allocation
strategies in the large- and small-cap space,
respectively. Our goal is to compare the average
performances through the 500 return realizations
modeled with block bootstrapping. In particu-
lar, we examine how inefficient the simple 1/N

allocation strategy might be compared to the
optimization-based allocations. To that end, we
implement each of the 471 strategies and calculate
the performance realization using each set of the

simulated returns. Then, we aggregate the per-
formance metrics across these simulations and
discus the results below.

To conserve space, we present relevant perfor-
mance results for nine select allocation strategies
(of all 471 distinct allocation strategies consid-
ered): the 1/N portfolio with the three-factor
funds, optimal MV and GMV portfolios using
the three-factor funds and the market, and MV
and GMV portfolios with value, momentum and
the market. The 1/N portfolio with the three-
factor funds has zero investment in the market,
and is our benchmark strategy.17 For optimiza-
tion strategies, we report the results with two
constraints—[0%, 100%] and [1/N − minor,
1/N + minor]; comparing the least- and most-
constrained cases as above allows us to assess the
efficacy of imposing constraints when allocating
with factor funds. Finally, all eight optimiza-
tion strategies above allocate based on the return
expectations and covariance matrix estimated
with a rolling 10-year window—the third option
under Margin 2 in Table 2.18 While we only dis-
play the results of these nine allocation strategies,
their performance results are based on compar-
isons with all 471 possible allocation strategies
we examined.

Table 3 Summary statistics of average annualized active returns.

Source: Authors’ calculations are based on the data from Ken French’s data library.
Note: Based on monthly returns block-bootstrapped with replacement from active factor returns observed from July 1963 to June 2020.
Active returns are in excess of the market return. All factor returns are net of transaction costs for both individual factor funds and the
monthly-rebalanced factor portfolio. See text for additional details. Blue cells indicate larger values, and red cells indicate smaller values,
relative to the rest of the values in the same column. Past performance is no guarantee of future returns.
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4.1 Active returns

Table 3 reports the summary statistics—mean
and standard deviation—of mean realized active
returns across the simulated samples. In partic-
ular, the standard deviation here measures the
variability of the mean active return across simu-
lation instead of the return volatility within each
simulation. Because all our strategies have the
same benchmark—the market portfolio—the rel-
ative performance of active returns is equivalent
to that of the absolute returns.

Comparing the averages of large-cap portfolios, a
mean active return of 1.5% is the maximum attain-
able. 1/N portfolio with all three-factor funds,
along with three-factor MV and two-factor GMV
portfolios (both with [0%, 100%] constraint), is
one of the few funds reaching this general level
of return. The difference is a bit starker on the
small-cap space, with 1/N continuing to achieve
the highest return over market (3.2%) and shar-
ing the top performance only with the two-factor
GMV portfolio with [0%, 100%] constraint.

How volatile are these outcomes? Comparing
the standard deviations, the surprisingly strong
performance of the 1/N strategy in return also
comes with less variability around the outcome
realizations. This is especially true for the large-
cap where 0.6% of standard deviation for 1/N is
among the lowest of all strategies.

Thus far, along with the two-factor GMV portfo-
lio with the [0%, 100%] constraint, 1/N bests all
other allocations on average in active returns often
with more stability across both cap universes.
What about relative rankings based on these aver-
age returns? In the two columns under “Percentile
Ranks”, we report percentiles for the mean active
returns. Importantly, the percentiles are deter-
mined using all 471 model variations, including
all of those not presented in the table. All com-
parisons are within the same market capitalization

space, so that the comparison is only about allo-
cations. In both cap universes, 1/N portfolio with
three-factor funds is near the very top. This con-
trasts with all other allocation strategies (with a
notable exception of the two-factor GMV [0%,
100%] portfolio), most of which report above
median rankings but fall short of the consistently
strong performance of 1/N in both cap universes.

The last two columns under “Average 12 Month
Turnover” report the average turnover arising
from rebalancing of factor funds to the strategic
allocation (which evolves for all non 1/N cases).
The results are directionally intuitive, albeit the
dispersion in magnitude across different alloca-
tions is striking. Notably, 1/N achieves one of
the lowest average turnover—an attribute that
reflects relative ease of implementability, and
bodes well for investors who prize such attribute
in investing (e.g., individual investors and finan-
cial advisors). Most other optimization-based
allocations, and especially those with generous
long-only constraints ([0%, 100%]), appear to
come with significantly greater turnovers. As
we show in the Appendix (Table 3A), these
rebalancing-motivated turnovers can make suf-
ficiently large differences in overall portfolio
performance, working in favor of 1/N .

4.2 Information ratios

In practice, many investors view factor investing
as a source of additional return above and beyond
passively holding the market. In turn, this active-
ness in factor investing can generate potentially
large tracking errors vis-à-vis the market—such
as S&P 500—which serves as a benchmark. We
compare the strategy performance adjusting for
risk using the information ratio, the active returns
per unit of tracking error.

In Table 4, we report the summary statistics of the
mean information ratios across the simulations.
All information ratios are annualized based on

Journal Of Investment Management First Quarter 2023

Not for Distribution



How Inefficient is The 1/N Strategy for a Factor Investor? 113

Table 4 Summary statistics of average information ratios.

Source: Authors’ calculations are based on the data from Ken French’s data library of factor returns from July 1963 to June 2020.
Note: Based on monthly returns block-bootstrapped with replacement from active factor returns observed from July 1963 to June 2020.
Active returns are in excess of the market return. All factor returns are net of transaction costs for both individual factor funds and the
monthly-rebalanced factor portfolio. See text for additional details. Blue cells indicate larger values, and red cells indicate smaller values,
relative to the rest of the values in the same column. Past performance is no guarantee of future returns.

monthly returns. Starting with the averages in the
large-cap universe, there is a significant amount
of dispersion among the nine allocations—with a
minimum of 0.19 (two-factor MV portfolio with
[0%, 100%]) and a maximum of 0.45 (three-factor
GMV portfolio with [0.1, 0.4]). At 0.43 of infor-
mation ratio, 1/N is very close to the top. On the
other hand, the information ratio of the two-factor
GMV allocation with [0%, 100%] constraint—
the only other portfolio that had a comparably
favorable active return profile as 1/N in Table 3—
is 0.33, about the mid-point in the range observed.
Also of note is the improvement in informa-
tion ratio of a GMV portfolio, compared to an
otherwise comparable MV portfolio. For exam-
ple, with equal [0%, 100%] constraints and four
funds to optimize with (three-factor funds and
the market), the minimum-variance allocation
achieves an average of 0.4 information ratio—
a marked improved from a 0.22 average using
mean–variance. This reflects the value one could
add by managing the volatility portion of a factor
portfolio (which is more predictable). Contrary to
the large-cap space, in the small-cap space, there
is very little dispersion of information ratio among
the allocations considered—all falling between
0.3 and 0.35. Similarly, the variability of the

information ratios is quite similar across the
allocations in either cap universe.

The two rightmost columns of Table 4 report the
percentiles of mean information ratios. In the
large-cap universe, 1/N again ranks near the top.
This indicates that 1/N approach represents a
very effective relative use of the tracking error
in generating active return. In the small-cap uni-
verse, however, the rankings are not as meaning-
ful because of the tight dispersion in information
ratio. For example, in the small-cap universe, 1/N

and the two GMV allocations have at most 0.04
difference in information ratio: 0.3 for GMV with
[0%, 100%], 0.33 for 1/N , and 0.34 with [10%,
40%]. These, however, translate into 43%, 61%,
and 70% in percentile rankings, reflecting the
density of allocation strategies with information
ratios around mid-0.3’s.

Collectively, Tables 3 and 4 show that 1/N is
a very effective allocation strategy and com-
pares favorably with other optimization-based
approaches. Notably, 1/N demonstrates effec-
tiveness on both key dimensions factor investors
tend to prioritize—the active return and infor-
mation ratio. In fact, no alternative strategy
consistently dominates the seemingly naïve 1/N
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strategy in both performance metrics and cap
spaces. These results are not limited to the 10-
year rolling window we report in Tables 3 and 4.
Specifically, Tables 1A and 2A in the Appendix
show that similar results hold for the three other
ways of forming return expectations: (1) a 20-year
rolling window, (2) an initial (fixed) 20-year win-
dow, and (3) an expanding window. Finally, as
Table 3A in the Appendix shows, our main find-
ing is observed in virtually all cases with realistic
transaction costs.

There are two connected forces behind our main
finding. First, factor premia of the long-only
value, momentum, and quality funds are largely
comparable once we account for realistic trans-
action costs (Table 1). 1/N is a natural candidate
for a strong performance in this setting—a bench-
mark. Second, against this backdrop, any alloca-
tion solution based on MV or GMV effectively
engages in a monthly-evolving factor timing. Our
main finding suggests that effective factor timing
strategy that can consistently outperform 1/N is
unlikely to exist among the over 450 approaches
we considered in this study. Even among the
professional investors, successful factor timing
appears elusive. Indeed, Madhavan et al. (2020)
show that there is limited evidence that factor tim-
ing provides a significant source of active return
for active equity fund managers—active return
attributable to factor timing may be positive but it
tends to be very small. This leads to an actionable
insight for individual investors in factor funds: in
the absence of distinct factor timing ability (above
and beyond the professional investors mentioned
above), and in the presence of realistic transaction
costs, 1/N constitutes an economically sensible
allocation to factor funds.

Exhibit 1 shows the rolling 3-year annualized
active returns of 1/N portfolio and the two-factor
MV portfolio with the long-only constraint for the
1986–2020 period. It provides a visual illustration

of the type of contrast investors may experience
by pursuing MV under naïve formation of fac-
tor return expectations relative to 1/N . The 1/N

portfolio has an information ratio of 0.44 whereas
the MV portfolio has an information ratio of 0.22.
Consistent with this disparity, 1/N portfolio gen-
erates a significantly less volatility relative to the
two-factor MV and has more regularity in terms
of when it delivers positive active returns.

5 Conclusion

Decades after the discovery of factor structures
in equity returns, factor investing is no longer
investment secrets for hedge funds. Instead, it has
become an investment staple to a wide range of
investors, from sophisticated institutional alloca-
tors to financial advisors and individual investors.
In fact, with the rapid democratization of factor
investing in the last decade, individual investors
and financial advisors are the fastest growing
group of factor investors. This paper studies the
performance of various allocation strategies from
the perspective of these investors.

To provide practical investment guidance, this
paper carefully accounts for various aspects typ-
ical individual investors would be encountering
when investing in factors in the real-world set-
ting. In particular, we curate commonly available
long-only factor funds, adjust factor premia for
transaction costs, impose sensible constraints on
concentration, and explicitly focus on active risk
and returns of the factor portfolio. In light of

evidence in the household finance literature that
individual investors tend to have a simple and
stable allocation over time, we adopt the simple
1/N strategy as our benchmark and compare its
performance with those of the classical mean–
variance and minimum-variance strategies. The
optimization strategies allow for various reason-
able implementation choices and generate over
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450 allocations to compare with. Based on sim-
ulations using block bootstrapped returns, these
comparisons lead to the following findings. First,
compared to minimum-variance strategies, the
1/N strategy delivers comparable or higher active
returns and similar information ratios. Second,
compared to the mean–variance strategies, the
1/N strategy tends to outperform in both active
returns and information ratios. Accounting for
transaction costs makes the unconditional factor
premium comparable across value, momentum,
and quality. Against this backdrop, to outperform
the 1/N strategy, the mean–variance strategy
requires an ability to predict time-varying factor
returns—an edge most individual investors likely
do not have. Overall, no strategy consistently
dominates the simple 1/N .

Taken together, our findings indicate that the
potential gain through improving allocation
strategies may be limited for individual investors
and their advisors; instead, for these investors, the

1/N strategy appears to be an effective starting
point. Taking a step further, for factor investors
allocating among a small set of popular long-only
factor funds—value, momentum, and quality—
in exchange for active returns, the 1/N strategy
may not only serve as a starting point, but also
as a benchmark for strategic allocation. There are
multiple use cases one could use the 1/N strategy
when allocating with factor funds. For example,
for investors with a strong prior on allocation,
the 1/N strategy can serve as the benchmark it
shrinks to. Another context in which the 1/N

strategy could be useful is when measuring the
improvement of an innovation in factor alloca-
tion strategies. Adopting the 1/N strategy as
a potential benchmark, the literature on factors
and allocation may sharpen the merits of each
new methodological advance on concrete terms—
the delivery of absolute and risk-adjusted active
returns relative to those of the 1/N strategy.

Appendix

Table 1A Summary statistics of active returns with the fixed 20-year window and expanding window.

Source: Authors’ calculations are based on the data from Ken French’s data library.
Note: Based on monthly returns block-bootstrapped with replacement from active factor returns observed from July 1963 to June 2020.
Active returns are in excess of the market return. All factor returns are net of transaction costs for both individual factor funds and the
monthly-rebalanced factor portfolio. See text for additional details. Past performance is no guarantee of future returns. Blue cells
indicate larger values, and red cells indicate smaller values, relative to the rest of the values in the same column. Fixed window forms the
allocation based on the first 20 years of each block-bootstrapped return series; expanding window starts with the fixed-window allocation
and updates the allocation based on all available data as it progresses in time.
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Table 2A Summary statistics of information ratios with fixed 20-year window and expanding window.

Source: Authors’ calculations are based on the data from Ken French’s data library.
Note: Based on monthly returns block-bootstrapped with replacement from active factor returns observed from July 1963 to June 2020.
Active returns are in excess of the market return. All factor returns are net of transaction costs for both individual factor funds and the
monthly-rebalanced factor portfolio. See text for additional details. Past performance is no guarantee of future returns. Blue cells
indicate larger values, and red cells indicate smaller values, relative to the rest of the values in the same column. Fixed window forms the
allocation based on the first 20 years of each block-bootstrapped return series; expanding window starts with the fixed-window allocation
and updates the allocation based on all available data as it progresses in time.

Table 3A Impact of transaction costs on relative performance: 1/N allocation v. mean–variance with long-only
constraints.

Percentile Ranks Percentile Ranks
Mean Return (Mean Return) Avg. Information Ratio (Information Ratio)

Large Cap Small Cap
Portfolio in Portfolio in

Transaction cost Large Cap Small Cap Large Cap Small Cap Large Cap Small Cap Large Cap Small Cap
assumptions Methodology Portfolio Portfolio Space Space Portfolio Portfolio Portfolio Portfolio

No transaction costs 1/N (3-Factor 2.08% 4.91% 69% 69% 0.63 0.51 96% 54%
Equal-Weighted) 2.65% 6.03% 94% 93% 0.42 0.57 38% 69%

MV (mean-variance
with 3 factor funds,
0-100% constraints)

Costs with Ss rebalancing
(Novy-Marx and Velikov
(2017)) for individual
factor funds

1/N 1.66% 3.76% 86% 90% 0.50 0.39 95% 68%

MV 1.87% 3.81% 94% 92% 0.30 0.37 29% 47%
Full costs (Novy-Marx and

Velikov (2017)) for
individual factor funds

1/N 1.45% 3.21% 96% 92% 0.44 0.33 93% 53%

MV 1.54% 3.09% 100% 80% 0.25 0.31 36% 44%
Full costs (Novy-Marx and

Velikov (2017)) for
individual factor funds &
10 bps for turnover from
monthly rebalancing

1/N 1.44% 3.20% 96% 92% 0.43 0.33 95% 61%

MV 1.41% 2.94% 96% 73% 0.22 0.30 32% 43%

Source: Authors’ calculations are based on the data from Ken French’s data library.
Note: Based on monthly returns block-bootstrapped with replacement from active factor returns observed from July 1963 to June 2020.
Active returns are in excess of the market return. See text for additional details. Past performance is no guarantee of future returns.
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Endnotes

1 Rogers (1962) describes how a new product or innova-
tion is eventually adopted by various adopter groups. In
the initial phase, there are risk-taking “innovators” who
introduce the innovation to the field. This is followed
by “early adopters” who tend to be well versed in mat-
ters related to the innovation and still risk-seeking. The
next group is “early majority” who are more conserva-
tive than the first two groups, but are open to new ideas.
The innovation is eventually embraced by “late major-
ity” and “laggards”, whose adoption takes place only
when the innovation becomes part of the mainstream.

2 In this paper, we limit our attention to equity factors
based on security attributes in the spirit of Fama and
French (1992, 1993). While there are other factors
such as macroeconomic and statistical factors (see Con-
nor, 1995), we focus on attribute-based equity factors
because they represent the most mature and accessi-
ble marketplace for the type of end investor we have
in mind—individual investors.

3 See “Invesco Global Factor Investing Study” (2020,
2021).

4 The academic literature often focuses on long–short
factor premium and factor returns in finer market cap-
italization grids, such as quintiles. However, these
strategies represent much smaller AUMs in the mar-
kets. In reality, long-only products in the large-cap and
small-cap space dominate the current marketplace.

5 Note that many institutional investors share the same
investment philosophy and face similar constraints as
we outline above. As such, the conclusion of the paper
can be equally applicable to these institutional investors.

6 Fama and French (2018) show that a factor model that
includes value, quality, and momentum generates the
highest Sharpe ratio amongst leading academic factor
models. See Israel et al. (2020), Novy-Marx (2013),
and Geczy and Samonov (2016) for evidence on value,
quality, and momentum.

7 Factor strategies constructed in the small-cap space
deliver higher expected returns due to higher size and
factor exposure, but tend to incur higher transaction
costs because the small-cap space is generally more
illiquid (Zhang, 2022b). This informs our decision to
adopt proportional adjustment of transaction costs.

8 Downward adjustment of 50% for momentum is based
on the baseline findings in Novy-Marx and Velikov
(2016), assuming no attempt to economize on trans-
action costs and no market impact beyond the bid–ask
spread. We also examine the case with a 30% downward

adjustment for momentum—the least amount of adjust-
ment realistically achievable with a cost mitigation-
aware rebalancing, based on an Ss rule (Novy-Marx and
Velikov, 2016). Key findings of this paper are consistent
under both assumptions—see Table 3A in the Appendix
for more details.

9 Babylonian Talmud: Tractate Baba Mezi’a, folio 42a
states that “One should always divide his wealth into
three parts: a third in land, a third in merchandise, and
a third ready to hand.”

10 In unreported analysis, we also examine a range of val-
ues for the risk-aversion parameter. Our main findings
reported in this paper remain highly comparable under
these alternative risk-aversion parameters.

11 In the general asset allocation literature (e.g., DeMiguel
et al., 2009; Kritzman et al., 2010), researchers include
decile portfolios sorted by a single attribute (e.g., 10
book-to-market decile portfolios) as test assets for
allocation. However, as discussed before, these test
assets are generally too granular and not conducive to
allocating with multiple factors.

12 See Gupta and Kelly (2019), Haddad et al. (2020),
Khang and Picca (2021), and Zhang (2022a).

13 For example, with four funds to allocate over, “modest”
is 25% and “minor” is 15%.

14 Examples include imposing sensible constraints on the
outcome, shrinking input parameters, and taking uncer-
tainty in the parameter estimates seriously. This is a
large literature. See Kim et al.10 (2021) for a summary
on how practitioners approach these issues.

15 We also examine the cases without this portfolio rebal-
ancing cost. Key findings of this paper are observed
virtually in all cases that feature realistic fund-level
transaction costs (i.e., 30% downward adjustment in
momentum premium and 10% in the other factor
funds), and do not require the portfolio rebalancing cost
assumption. See Table 3A in the Appendix for more
details.

16 In unreported analysis, we also consider 3-year block-
bootstrapped returns for robustness. Our main findings
reported in this paper remain highly comparable under
this alternative 3-year block-bootstrapped sample.

17 Note that the allocation to the market merely changes the
portfolio leverage, but does not alter the risk-adjusted
returns, i.e., information ratio remains the same.

18 Specifically, in each of the 500 return environments
ranging a 57-year period, we use the 10-year window
from year 10 to 20 to obtain the initial allocation and roll
forward the 10-year window for the remaining 37 years
to update the mean and covariance matrix on a monthly
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basis. The results are very similar using the other three
alternatives estimation windows and can be found in the
Appendix.

Disclosure

All investing is subject to risk, including the pos-
sible loss of the money you invest. Be aware that
fluctuations in the financial markets and other
factors may cause declines in the value of your
account. There is no guarantee that any particular
asset allocation or mix of funds will meet your
investment objectives or provide you with a given
level of income.

Diversification does not ensure a profit or protect
against a loss.

Factor funds are subject to investment style risk,
which is the chance that returns from the types
of stocks in which a factor fund invests will trail
returns from U.S. stock markets. Factor funds are
also subject to manager risk, which is the chance
that poor security selection will cause a factor
fund to underperform its relevant benchmark or
other funds with a similar investment objective,
and sector risk, which is the chance that signif-
icant problems will affect a particular sector in
which a factor fund invests, or that returns from
that sector will trail returns from the overall stock
market.
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