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Abstract

We extend proxies of several popular asset allocation approaches—U.S. and Global 60/40, Diversified Multi-Asset, Risk
Parity, Endowment, Factor-Based, and Dynamic asset allocation—using long-run return data for a variety of sub-asset classes
and factors to test their long-term performance. We use equity and debt assets, commodities, alternatives, and indices to
reconstruct the returns on allocation portfolios from 1926 to the present, the entire period for which comprehensive asset
pricing data are available. We contribute to the existing literature by developing a laboratory for testing the performance of
popular asset allocation strategies in a wide range of scenarios. We also aim to test the importance of the behavioral aspect of
investment decisions for portfolio outcomes. In our framework, Factor-Based portfolios exhibit the best traditionally measured
risk-adjusted returns over the long run. However, Dynamic asset allocation is most likely to reduce the risk of abandonment
of the strategy by an investor and selling the portfolio in panic when they experience losses over their tolerance threshold,
because the dynamic strategy exhibits lower expected drawdowns, even during severe market downturns. Across all strate-
gies, risk-tolerant investors who rely on a longer history to set their expectations, whether based upon actual or extrapolated
data, experience significantly better outcomes, particularly if their investment horizon includes times of crisis. This study
informs portfolio managers, investment analysts, and advisors, as well as investors themselves, of the impact of information,
persistence, and properties of various portfolio allocation methods on investment returns.

Keywords Behavioral finance - Risk aversion - Investment outcomes - Dynamic asset allocation - Risk parity - Factor
investing - Endowment model - Market downturn - Drawdown

JEL Classification G11-G12-G17

One of the drivers of this behavior is a lack of informa-
tion about the true risk associated with the selected asset
allocation strategy. When making investment decisions,
naive investors are often unaware of the long-term history

Introduction

Asset owners often fail to remain invested in a specific asset
allocation for the entire duration of their investment hori-

zon. They often abandon their selected strategy and liqui-
date or de-risk their portfolios during turbulent times (see
for example Goetzmann et al. (2000), Dahiya and Yermack
(2018), and Hoopes et al. (2022)). This behavior results in a
significant gap between time-weighted and dollar-weighted
returns as supported among others by the studies of Barber
and Odean (2000), Dichev (2007), and Dalbar (2017) report.
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of asset returns. They may have never encountered it first-
hand and/or may have been advised to ignore the long-run
data. As a result of this limited awareness, investors face
return downside surprises that lie beyond their risk toler-
ance. Unlike short-term data, extended history can inform
investors about potential crash risks embedded in portfo-
lios and prepare them to withstand significant downturns.
In this study, we explore the effect of long-run information
availability on investment returns for different categories of
investors over a variety of investment horizons, using seven
popular portfolio allocation strategies: U.S. 60/40, Global
60/40, Diversified, Risk Parity, Endowment, Factor-Based,
and Dynamic allocation.
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This research question is important for portfolio manag-
ers, investment advisers, and individual investors. Too often,
they perceive the data from distant history as obsolete or
irrelevant to practical investment decisions. Therefore, more
recent events tend to shape the collective narrative regarding
market performance and crash risk (Goetzmann et al. 2022).
Goetzmann et al. show that in 1987, the collective memory
of the stock market crash of 1929 was not invoked by jour-
nalists until the day after the October 19 crash. Similarly,
before the Great Recession of 2008, events of a magnitude
comparable to the Great Depression were not seriously con-
sidered likely to reoccur. Consequently, relatively recent his-
torical data are most often presented as the most relevant or
even as an exhaustive record of the performance of an invest-
ment strategy. As a result, investors select portfolios under
the assumption that recent history accurately represents the
complete set of probable investment outcomes. If there is no
stress period in recent and available history, investors’ view
of an investment strategy is likely to be overly optimistic,
which makes them overconfident ex ante. When investors
then face unexpected adversity in the market, they are likely
to succumb to the fear of a substantial or total loss of wealth
and sell their portfolio during or around the market trough,
conditional on their risk tolerance and ex post assessment of
the riskiness of their portfolio.

Following Weber et al. (2013), we argue that investors’
awareness of the prior long-run distribution of returns
improves their tolerance of market downturns. Understand-
ing the distribution of the population of returns informs
investors and creates more realistic perceptions of invest-
ment risks and expectations of investment returns. Campbell
and Thompson (2008) likewise show that a reduction in the
length of observed history introduces significant bias in an
investor’s beliefs about expected risks. Malmendier (2021)
argues that living through an actual drawdown is not the
same as reading about a simulated drawdown from the dis-
tant past. However, greater awareness of historical negative
outcomes still reduces the likelihood of a surprise for the
informed investor. Thus, theoretical knowledge of the true
distribution of returns may still mitigate the potential for
an abrupt abandonment of an investment strategy during an
unfavorable period.

We begin an empirical exploration of this topic with a
study of nearly a century of reconstructed historical per-
formance for several common portfolio allocation meth-
ods mentioned above. We begin our study with data from
1926, when comprehensive data series for asset pricing first
became available. While still limited, the data from this
period provide a quite comprehensive laboratory to study the
investment environment relevant to the present time. It cov-
ers the landscape of the financial system that is fairly similar
to current conditions. It also includes periods of significant
disturbance in the markets, such as the Great Depression,
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the time around World War II, the inflationary period of
the 1970s—-1980s, and the Great Recession. We show how
the popular asset allocation frameworks differ in their risks
and returns over the past century, especially concerning the
most extreme losses (drawdowns). Many of the strategies
diversify sources of return, rather than sources of risk. The
growth in popularity of one or another strategy compared to
the rest usually follows its periods of strongest performance.
Information about each strategy’s potential maximum draw-
downs over longer time frames (i.e., Risk Parity circa 2011)
is often unavailable or disregarded.

We show that the Dynamic allocation strategy produces
the most stable portfolios in periods of both extreme draw-
downs and those of lower volatility. It promotes greater
consistency and resilience in investor behavior. Some asset
allocation strategies perform better than others depending
on market conditions. However, during a significant mar-
ket downturn, such as the one experienced during the Great
Depression and, more recently, during the Financial Crisis of
2007-2009, most allocations undergo a synchronous decline.
Significant downturns also lead to crashes in the popular
factors, such as Momentum in 2009 (Daniel and Moskowitz
2016), and Value in 2020 (Samonov 2020, 2021). However,
Factor-Based asset allocation is shown to be successful at
reducing drawdowns during such periods, but its returns
over the last 20 years have not performed as well as they
did before that period. The extended underperformance of
popular factors coincident with their rise in popularity raises
the question of whether factors are reliable risk premia. If
they are instead anomalies, and their returns are liable to
disappear due to crowding, their betas are unreliable from
the long-run asset allocation perspective.

We form portfolios in each of the seven strategies with
investment horizons ranging from five to forty years. The
boundaries of the range may be associated with medium-
term individual investments like saving for a significant con-
sumption goal (five years) and saving for retirement (forty
years). We focus on the investors who are expected to retire
around the time of the Great Recession and start in 1970,
40 years before 2010. The paper presents summarized out-
comes over five- through forty-year investment horizons in
simulated portfolios for risk-averse, risk-neutral, and risk-
tolerant investors with data availability ranging from the
most recent ten years to the full scope of history available,
starting in 1926.

Our study informs academics and practitioners regarding
long-term performance of the allocation strategies and helps
develop more accurate beliefs about return distributions. We
show that availability of information is associated with a
lower probability of early abandonment of a strategy and
higher cumulative returns. Additionally, persistent investors
avoids both losses related to exiting at the wrong time and
the need to make a subsequent choice of time for re-entry.
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However, only risk-tolerant investors capture the full extent
of the benefit of the information made available to them. In
the end, all investors face drawdown risk, regardless of their
selected asset allocation strategy. However, investment out-
comes are better for more informed investors and those who
choose to invest using Dynamic asset allocation.

This paper also includes a survey of the relevant litera-
ture, defines a model of an investor’s decision to exit their
strategy, explains the construction of the asset allocation
portfolios, discusses the empirical distributions of returns
and risk metrics for the popular investment strategies, and
demonstrates the implications of the availability of prior
information about investment losses to the investors for their
exit decisions and returns on investment.

Literature

A vast literature defines investors’ behavior as a significant
determinant of investment outcomes. De Bondt and Thaler
(1985) document substantial overreaction to dramatic news
events and further confirm in De Bondt et al. (1987) that
even seasonal trading anomalies are associated with the
past performance of the asset returns that drive behavioral
trading. Furthermore, De Bondt and Werner (1998) depict
noise trading by naive investors as suboptimal in many ways
and Barberis and Thaler (2003) elaborate on how inves-
tors may not be fully rational. Finally, Dichev (2007) and
Dichev and Yu (2011) argue that investors typically do not
achieve expected buy-and-hold returns due to the disruptive
timing of their investments, in agreement with Barber and
Odean (2000), who previously highlighted the detrimental
impact of active trading on investors’ wealth. Friesen and
Sapp (2007) and Keswani and Stolin (2008) also show that
the failure to achieve the possible buy-and-hold returns is
a problem faced by institutional as well as retail investors.

The issue of wealth loss via the irrational active trading
of individual investors reached a new level due to the greater
availability of cheap and easy access to trading associated
with the rise of new platforms like Robinhood (Barber et al.
2022). Additionally, Hoopes et al. (2022) confirm significant
individual trading in response to bad news during the finan-
cial crisis of 2007-2009, highlighting the detrimental impact
of frequent trading on individual wealth. Such behavior is
consistent with Jorion and Goetzmann’s (2000) assertion
that, during market crashes, investors may rationally doubt
the comeback of their portfolio.

Misperception of the riskiness of a portfolio is one of
the key reasons why investors fail to hold on to an asset
allocation strategy. We concur with Weber et al. (2013) and
Weber and Klement (2018), who decouple the pure attitu-
dinal and generally static variable of the willingness to take
risk from the dynamic component of risk-taking, which is

driven by the perception of asset riskiness. In their frame-
work, an investor’s perception of risk is a dynamic variable
that changes with market conditions, resulting in unplanned
buying and selling decisions.

Risk perception varies with the market cycle and, espe-
cially, deviates from its typical levels during rare and
extreme downturn events (see Bogle’s (2008) explanation of
the importance of black swan events, and Van Hemert et al.’s
(2020) discussion of the relevance of various risk meas-
ures), so many investors do not have direct experience of
living through extreme troughs. This renders them generally
underinformed when forming their views and committing
to an investment strategy. Recent studies of the long-term
history of Factor-Based allocations highlight the relevance
and value of distant history in asset-pricing research. Baltus-
sen et al. (2021) find strong and unexplained global factor
premiums in a sample that covers over 200 years, like Geczy
and Samonov (2016), who show a persistence of momentum
in a two-century-long history of performance in different
classes of assets. Importantly, these studies highlight peri-
odic large-factor crashes with frequencies unseen in post-
1926 histories.

Conveying long-run information effectively to an investor
at the time of the selection of an allocation strategy may be
challenging. However, a growing body of literature suggests
that a wealth-loss measure, such as drawdown, is an impor-
tant risk measure. This illustrative measure of risk helps
investors envision the bad, the worse, and the ugly of market
correction events. Drawdown is an intuitive metric and may
be more predictive of investor’s behavior and therefore their
outcomes compared to other metrics traditionally used in the
literature and asset allocation practice. An unpopular risk
measure in the past (Chekhlov et al. (2004) is a rare example
at the time), drawdowns seem to have gained popularity and
appear in Gray and Vogel (2013), Goldberg and Mahmoud
(2017), Rodosthenous and Zhang (2020), and Van Hemert
et al. (2020) more recently. Harvey et al. (2019) employ
drawdowns to explore making traditional asset allocation
portfolios crash-proof, including Factor-Based and Dynamic
approaches.

In the context of protection from drawdowns, the
Dynamic asset allocation strategy stands out in multiple
studies, including many of the most recent (see Perold and
Sharpe 1988; Brennan and Xia 2002; Liu et al. 2003; Faber
2007; Blitz and van Vliet 2009; Keller et al. 2015; Giamour-
idis et al. 2017; Page 2020; and Ha and Fabozzi 2022, just
to name a few). However, the Dynamic approach is still
underappreciated relative to the traditional 60/40, Risk Par-
ity (Chaves et al. 2011; Qian 2011; and Fabozzi et al. 2021),
Endowment (Jacobs and Kobor 2021 and Lo et al. 2020), and
Factor-Based allocations (Clarke, et al. 2020; Bessler et al.
2021; Kritzman 2021; Ilmanen 2022; Canner et al. 1994;
and Campbell et al. 2002). The debate over the performance
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and risk of various asset allocation strategies is critical for
understanding investment outcomes (see most importantly
Sharpe 1992; Kandel and Stambaugh 1996; Ibbotson 2010;
and more recently Bessler, et al. 2021), yet it is still under-
represented in the academic literature.

Our research contributes to the existing literature in mul-
tiple dimensions. First, it provides risk and return analysis of
the long-term history of the most popular allocation strate-
gies. Further, it tests the empirical outcomes of hypothetical
investors with stationary risk aversion and time-varying per-
ceptions of risk under various levels of prior information and
over a range of investment horizons. Finally, the paper devel-
ops a framework that bridges traditional investment analysis
and behavioral aspects of investment decisions. Thus, we
extend and integrate the following strands: the literature on
the failure to realize buy-and-hold returns due to irrational
trading (selloff) decisions, the literature on extraordinarily
long time series in investment analysis, and the literature on
drawdown as an important risk measure. We build a model
of investor behavior under the conditions of varying percep-
tions of risk and self-limited information and demonstrate
empirically how risk-tolerant and well-informed investors
fare best in achieving their maximum returns. We also show
how the Dynamic model stands out among other allocation
strategies in terms of risk and return performance during
the past century.

Model

We model investors’ decisions to abandon their portfolios
in a market crisis as a function of (1) ex ante information
about the worst-case scenario that they may experience
either through direct exposure or historical data; (2) their
risk aversion; and (3) the ex post portfolio risk measured as
drawdown (wealth loss from the level of initial investment)
realized during the market downturn. The main assump-
tions of the model are as follows: (1) investors are rational
with stationary risk aversion known ex ante; (2) there are
no frictions in the markets, such as transaction costs, taxes,
inflation, short-selling restrictions; (3) markets are highly
efficient, all investors having equal access to all available
information and the ability to choose the length of the data
history that they use in their analysis when committing to
an allocation strategy; (4) investor have unlimited access
to all assets; (5) distributions of the returns are normal and
stationary.

Investors commit to their portfolios with an ex ante
understanding of the maximum possible loss for the type of
allocation 8, ., that depends on two factors: the maximum
drawdown observed in the historical data, D, to which the
investor is exposed, and the stationary level of their risk
aversion, T

¥

0 =f(Max(D,_,, ... ,Dyg,),7)

ex—ante

where 7o is the start of the investment period and To-n is the
time n years before the start of the investment period. n is
the length of the history that an investor chooses to include
in their investment analysis.

Ex ante investors believe that they have perfect informa-
tion about the possible future state of the market based on
historically observed conditions; however, their actual per-
ception of risk is time-varying in response to the dynam-
ics of the fluctuating market environment, particularly
for investors that use a shorter period of history for their
analysis. When a crisis starts, risk perception (sentiment)
@ is driven by the information on economic conditions
E; and market volatility v;, and possibly new information
about returns distribution leading to an adjustment of the

tolerable level of loss that becomes 6,,_ -

0 = f(Max(Dq,_,, ..., Dg,), (E;, v;))

ex—post

When a shorter historical period is used for investment
analysis at the time of commitment to a strategy, 0,,_,,,
is more likely to be insufficient to withstand the crisis
and trigger a decision to abandon the allocation strategy.
Changing risk perception ¢ may lead t0 6,,_,,; < 0oy ynre
and exacerbate the issue, particularly for risk-averse and
risk-neutral investors.

In this parsimonious model, we first focus solely on exit
decisions and assume that investors do not re-enter the
market after they exit in the downturn. Thus, the investor’s
decision to sell is defined as follows:

N =f(9ex—pusz‘)

where S is a dummy variable that represents the decision to
sell on each day within the investor’s horizon. It is a func-
tion of fex — post, the actual drawdown threshold, defined
above. Once an actual loss reaches 6, the investor sells
the portfolio (S=1).

At the time of commitment to an investment strategy,
an investor is willing to accept a perceived return dis-
tribution based on the historical data for n years where
E(R) ~ N(R, 5) and the maximum drawdown is D, that
together with the level of risk tolerance defines 6,,_,,,.
This perceived distribution is defined by the sample sta-
tistics of the historical data that the investor is willing to
include in their analysis. However, during the downturn,
the actual drawdown may exceed the historically observed
maximum drawdown: D, > D, .. . As a result, the investor
may sell early, and instead of the expected return over the
entire investment horizon 4, R;, = E(R) + €, realize return
R, = R,, where R, < R, is likely and results in a wealth loss
represented by 60

ex—post>

ex—post*
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As an extension to the standard framework, we recognize
that after an early exit, an investor has the opportunity to
improve their outcome by re-entering the market. In the aug-
mented model, the investor re-enters once the market con-
sistently surpasses the level of their exit point. Our investor
in this case realizes an enhanced return R,.,, where R, > R,
is likely.

Long-run data and portfolio construction
methodology

In this study, we develop an extended historical data series to
compare seven popular moderate-risk asset allocation frame-
works: U.S. 60/40, Global 60/40, Diversified 60/40, Risk
Parity, Endowment, Factor-Based, and Dynamic asset allo-
cation. The portfolio allocation strategies are explained in
detail in this section below and further in the Online Appen-
dix'. Of course, in practice, any asset allocator can decide to
blend or tweak any of the above approaches. Our goal was to
study simplified “corner cases” of moderate-risk approaches
and create simple, yet generally accurate, versions of these
allocation strategies.

For each asset class, we compare our proxy with the
actual return data during the period for which both return
series are available to ensure sufficient correlation. We rely
on an extensive amount of data, including third-party data
providers such as Global Financial Data (GFD), pre-com-
puted data from Samonov and Geczy (2016), and data gen-
erated specifically for this study, as explained below. Our
initial objective was to extend the essential sub-asset classes
and factor portfolios back to January 1926, which allows
for approximation and comparison. We choose 1926 as the
start date because many of the data series from GFD and the
Center for Research in Security Prices (CRSP) started at this
time, and because this date conveniently precedes the Great
Depression, a pivotal event that sets a conservative threshold
for the maximum drawdown. Thus, we construct a dataset
that provides a unique laboratory for testing the performance
of modern asset allocation strategies in scenarios that have
not occurred within the strategies’ actual history.

Our empirical work relies on current techniques in long-
run data exploration, originally pioneered at the asset-class
level by researchers like Schwert (1990), Dimson et al.
(2002), Ibbotson and Goetzmann (2005), and Jorda et al.
(2019), and by data providers like GFD. These techniques
have been adopted and enhanced in much of the recent and
growing literature extending popular factors, such as value

! The Online Appendix can be found at https://nonnasorokinaphd.
org/century-crash-risk.

and momentum (Asness et al. 2013; Geczy and Samonov
2016, 2017, 2019; and Baltussen et al. 2021).

A complete list of the extended asset classes, factors,
and their proxies used in this study is given in Table 1, and
detailed descriptions of the data sources and extrapolation
methods are provided in the Online Appendix. In summary,
we extend data for 23 sub-asset classes and 15 long-short
factor portfolios. The word “custom” in Table 1 identifies
all the extended time series that we construct specifically for
this study, either from the underlying securities, using the
bottom-up approach, or via statistical extrapolation beyond
the standard splicing of existing indices.

The bulk of index-level data come from GFD. In addi-
tion to providing an excellent selection of third-party indi-
ces used in typical asset allocations, GFD also constructs
proprietary indices that go much further back historically.
GFD also provides centuries of returns and other data for
individual stocks that have traded on US and UK exchanges.
We are grateful for their work as it enables us to extend the
starting period to the 1920s for most traditional asset classes.

The U.S. 60/40 allocation strategy is a simple combina-
tion of 60% U.S. Large Cap stocks and 40% U.S. Aggregate
Bond Index, rebalanced monthly (Table 2). Most investors
are familiar with this simple portfolio, and we use it as a
starting point for our analysis. The Global 60/40 strategy
uses a similar structure but consists of 60% Global Equities
and 40% Global Aggregate Bond index, providing global
diversification. The Diversified 60/40 strategy allocates 60%
to high-level equity asset classes, distributing it among U.S.
Large Cap (15%), and Small Cap (5%) stocks, Growth (5%),
and Value (5%) stocks, REITs (5%), International Developed
Stocks (10%), and Emerging Markets (10%). A remaining
34% is allocated to Fixed Income, with 8% in U.S. Govern-
ment 10-year bonds, 8% in Munis, 8% in Investment Grade
Corporate Bonds, 5% in International Bonds, and 5% in
Emerging Market Bonds. The final 6% is allocated to Com-
modities. This mix represents a typical allocation, creating a
representative diversified portfolio in which the primary risk
comes from its equity allocation (see Brinson et al. 1986).

The Risk Parity approach became a popular alternative
to traditional capital-weighted portfolios around 2011 (Qian
2011; Fabozzi et al. 2021). Instead of allocating capital
weights, the Risk Parity approach proposes to allocate risk—
portfolio variance—to different asset classes. This results
in more balanced risk exposure across asset classes, solv-
ing the problem of over-concentrated exposure to equities
in traditional capital-weighted portfolios. Our Risk Parity
proxy allocates portfolio variance equally across U.S. Large
Cap stocks (33.3%.), Government 10-Year Bonds (33.3%),
and Commodities (33.3%), targeting the same ex post risk
as the U.S. 60/40 portfolio (realized volatility: 11.4%). To
achieve this volatility target, the portfolio requires leverage
(57%), which we assume is financed at the 90-day T-bill
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Table 1 Asset data sources

Asset class  Sub-asset class  Total date range Primary index Extension
Name Start date  Source Name Start date  Source
Stocks U.S. Large Caps 1792-2020 S&P 500 01/31/1871 GFD GFD Indices 01/31/1792 GFD
Stocks USA Top 100
U.S. Small Cap 1925-2020 Russell 2000 12/31/1978 GFD Ibbotson® 12/31/1925 CFA
Stocks SBBI® US
Small-Cap
Stocks
U.S. Value 1926-2020 S&P 500/Citi-  12/31/1974 GFD Fama-French 06/30/1926 Fama-French
Stocks group Value Sorts on
BE-ME
High30
U.S. Growth 1926-2020 S&P 500/Citi-  12/31/1974 GFD Custom - 12/31/1926 Fama-French
Stocks group Growth Growth
(LoBeME,
HiMom,
Hilnv)
U.S. Real Estate  1926-2020 FTSE Nareit 12/31/1971 NAREIT Custom - REITs 12/31/1926 GFD / TCI
(REITs) U.S. Real and RE Stocks
Estate Cap-Weighted
International 1925-2020 GFD Developed 12/31/1925 GFD
Large Cap World x/North
Stocks America
Global Stocks 1925-2020 GFD Indices 12/31/1925 GFD
Developed
World
Emerging 1925-2020 EM Standard 12-31-1987 MSCI GFD Indices 12/31/1925 GFD
Markets (Large+Mid Emerging
Cap) Markets
Bonds 90 Day T-Bill 1790-2020 S&P U.S. Treas- 12-31-2010 S&P GFD Indices 12/31/1790 GFD
(Risk Free ury Bill 0-3 USA Total
Asset) Month Return T-Bill
Government 1786-2020 Barclays US 01/31/1973 BBG GFD Indices 07/31/1786 GFD
10-year Treasury 10+ USA 10-year
Year Government
Bond
Municipals 1789-2020 Barclays Munic- 01/31/1980 BBG USA Municipal 02/28/1789 GFD
AAA ipal Bond AAA Bonds
Corporate 1915-2020 Barclays U.S. 01/31/1973 BBG Dow Jones Cor- 04/30/1915 GFD
Investment Corporate porate Bond
Grade
US Aggregate  1918-2020 Barclays U.S. 01/31/1976 BBG Custom - 60%  12/31/1918 GFD / TCI
Bond Index Aggregate TRUSG5M
40% TRUSA-
COM
International 1786-2020 Global Aggre-  01/31/1990 BBG GFD Indices 07/31/1786 GFD
Bonds gate ex-USD World x/USA
Government
Bond
Emerging Mar-  1786-2020 Bloomberg 01/31/1993 BBG GFD Indices 07/31/1786 GFD
ket Bonds Barclays EM Emerging
USD Aggre- Government
gate Bond
Global Aggre-  1786-2020 Barclays 12/31/1989 BBG GFDatabase 07/31/1786 GFD
gate Bond Global AGG Global Gov-
Index Unhedged ernment Bond
USD
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Table 1 (continued)

Asset class  Sub-asset class  Total date range Primary index Extension
Name Start date  Source Name Start date  Source
Alternatives Commodities 1914-2020 Dow Jones 12/31/2010 S&P Thompson 09/30/1914 GFD
Commodity Jefferies CRB
Index Core Com-
modity
Hedge Fund 1989-2020 HFRI Fund 31/12/1989 HFRI Custom - 12/31/1925 TCI
Composite Weighted 14-Factor
Composite Premia Basket
Cambridge US  1987-2020 Custom- Cam-  01/31/1987 Cambridge/TCI Custom - 12/31/1925 TCI
Private Equity bridge US PE Regression
extrapolated Adjusted
S&P500
Cambridge 1987-2020 Custom - Cam-  01/31/1987 Cambridge/TCI Custom - 12/31/1925 TCI
US Venture bridge US VC Regression
Capital extrapolated Adjusted
Small Cap
Cambridge US  1987-2020 Custom - Cam-  01/31/1987 Cambridge/TCI Custom - 12/31/1925 TCI
Real Estate bridge US RE Regression
extrapolated Adjusted
REITs
Private Energy ~ 1909-2020 Fama-French 07/31/1926 Fama-French ~ Cowles Oil 09/30/1910 Cowles
Proxy Energy Indus- Producing
try and Refining
Index
Private Agricul- 1909-2020 Fama-French 07/31/1926 Fama-French ~ Cowles Agricul- 01/31/1909 Cowles

ture Proxy

Agric Industry

tural Machin-
ery Index
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Table 1 (continued)

Asset class  Sub-asset class  Total date range Primary index Extension
Name Start date  Source Name Start date ~ Source
Factors U.S. Stock 1826-2020 Fama French 06/30/1926 Fama-French Custom - Two  01/31/1826 TCI
Value HML Factor Centuries U.S.
Value
U.S. Stock 1801-2020 Fama French 01/31/1927 Fama-French U.S. Stock Price 01/31/1801 GS (2016)
Momentum MOM Factor Momentum
U.S. Stock Size  1925-2020 Fama French 06/30/1926 Fama-French Custom - U.S. 12/31/1925 TCI
SIZE Factor Small Cap
minus U.S.
Large Cap
U.S. Stock Low  1925-2020 Robeco Low 01/31/1929 Robeco Custom - Two 12/31/1925 TCI
Risk Vol Factor Centuries
Low Vol
International 1801-2020 Fama French 01/31/1975 Fama-French Custom - Two ~ 01/31/1801 TCI
Stock Value Developed ex Centuries
US HML U.K. Value
International 1801-2020 AQR UK 01/31/1972 AQR Custom - Two  01/31/1801 TCI
Stock Momentum Centuries
Momentum U.K. Momen-
tum
Country Equity  1801-2020 AQR Country 03/31/1977 AQR Custom - Two ~ 03/31/1870 TCI
Value Equity Value Centuries
Country
Equity Value
Country Equity  1801-2020 AQR Coun- 03/31/1977 AQR Country Equity 01/31/1800 GS (2016)
Momentum try Equity Momentum
Momentum
Currency Value 1801-2020 AQR Currency 01/31/1979 AQR Custom - Two ~ 01/31/1800 TCI
Value Centuries
Currency
Value
Currency 1801-2020 AQR Currency 01/31/1979 AQR Currency 01/31/1800 GS (2016)
Momentum Momentum Momentum
Country Fixed ~ 1801-2020 AQR Country 01/31/1983 AQR Custom - Two ~ 01/31/1800 TCI
Income Value Bonds Value Centuries
Country
Bonds Value
Country Fixed ~ 1801-2020 AQR Coun- 01/31/1983 AQR Country Bonds  01/31/1800 GS (2016)
Income try Bonds Momentum
Momentum Momentum
Commodity 1801-2020 AQR Commod- 01/31/1972 AQR Commodity 02/28/1882 GS (2019)
Futures Value ity Future Futures Value
Value
Commod- 1801-2020 AQR Commod- 01/31/1972 AQR Commod- 02/28/1878 GS (2019)
ity Futures ity Futures ity Futures
Momentum Momentum Momentum
Commodity 1878-2020 Bloomberg 01/31/2016 Bloomberg Commodity 02/28/1878 GS (2019)
Futures Basis GSAM Com- Futures Basis
modity Carry Factor
Index
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Table 2 Portfolio construction details

Asset class

Sub-asset
class

Total date
range

US 60/40
(%)

Global
60/40 (%)

Diversified  Risk parity
(%) (%)

Endowment Factor-based Dynamic
(%) (%) (average
weight)* (%)

Stocks

Bonds

Alternatives

U.S. Large
Caps
Stocks

U.S. Small
Cap Stocks

U.S. Value
Stocks

U.S. Growth
Stocks

U.S. Real
Estate
(REITs)

International
Large Cap
Stocks

Global
Stocks

Emerging
Markets

90 Day
T-Bill
(Risk-Free
Asset)

Government
10-year

Municipals
AAA

Corporate
Investment
Grade

US Aggre-
gate Bond
Index

International
Bonds
Emerging
Market
Bonds
Global
Aggregate
Bond
Index
Commodi-
ties
Hedge Fund
Composite
Cambridge
US Private
Equity
Cambridge
[N
Venture
Capital

1792-2020

1925-2020

1926-2020

1926-2020

1926-2020

1925-2020

1925-2020

1925-2020

1790-2020

1786-2020

1789-2020

1915-2020

1918-2020

1786-2020

1786-2020

1786-2020

1914-2020

1989-2020

1987-2020

1987-2020

60.00

40.00

60.00

40.00

15.00 31.38

5.00

5.00

5.00

10.00

10.00

10.00

- 65.35

8.00 89.11
8.00

8.00

5.00

5.00

6.00 44.87

13.00 42.00 55.6

7.30

7.30

5.90

3.80

6.60

1.90 28.00 44.4

1.16

20.00

13.55

9.31
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Table 2 (continued)

Asset class  Sub-asset Total date US 60/40 Global
class range (%) 60/40 (%)

Diversified
(%)

Risk parity
(%)

Endowment

(%)

Fact
(%)

or-based Dynamic
(average
weight)* (%)

Cambridge  1987-2020
US Real
Estate

Private 1909-2020
Energy
Proxy

Private Agri- 1909-2020
culture
Proxy

Factors U.S. Stock 1826-2020
Value

U.S. Stock 1801-2020
Momen-
tum

U.S. Stock 1925-2020
Size

U.S. Stock 1925-2020
Low Risk

International 1801-2020
Stock
Value

International 1801-2020
Stock
Momen-
tum

Country 1801-2020
Equity
Value

Country 1801-2020
Equity
Momen-
tum

Currency 1801-2020
Value

Currency 1801-2020
Momen-
tum

Country 1801-2020
Fixed
Income
Value

Country 1801-2020
Fixed
Income
Momen-
tum

Commodity 1801-2020
Futures
Value

Commodity 1801-2020
Futures
Momen-
tum

Commodity 1878-2020
Futures
Basis

5.52

3.53

2.00

2.00

2.00

2.00

2.00

2.00

2.00

2.00

2.00

2.00

2.00

2.00

2.00

2.00

2.00
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borrowing rate. We have validated our proxy versus the HFR
Institutional 10% Volatility Risk Parity Index, and the proxy
demonstrates a high correlation (82%) and comparable draw-
down metrics. Since the index’s inception in 2003, our proxy
allocation generates 6.55% per year vs 6.15% for the HFR
index. Furthermore, on the important metric of maximum
drawdown, the proxy and the actual index perform simi-
larly (25.6% drawdown for the proxy portfolio and 22.5%
for the actual index). This gives us confidence that we have
produced a reasonable proxy for the Risk Parity approach.

The Endowment strategy proxy employs high-level and
sub-asset class weights from the 2020 NACUBO report,
including allocations to various asset classes such as Pub-
lic U.S. Equities, Private Equity, Venture Capital, Fixed
Income, and Real Estate. By comparing returns to actual
fiscal year returns reported in NACUBO, the proxy shows a
97.6% correlation since 2000, with slightly higher annual-
ized returns and volatility comparable to actual endowments,
resulting in very comparable Sharpe ratios of 0.47 for the
proxy vs 0.44 for the actual Endowment allocation (for more
detail, see Online Appendix).

The Factor-Based allocation combines 70% U.S. 60/40
with a 30% equally weighted 15 Factor Premia basket. We
include this factor basket because it is uncorrelated with tra-
ditional asset classes and has lower volatility than the equity
market, which results in meaningful downside-risk reduc-
tion. In practice, one might allow for leverage to scale up
the volatility, introduce optimization across traditional and
Factor-Based portfolios, and allow for greater diversification
in the traditional asset classes. These may improve results,
but the choice of parameters would be highly subjective. We
prefer to remain as generic as possible without introducing
too much customization, yet still capturing the main benefit
of each approach.

The Dynamic portfolio can be constructed utilizing many
combinations of factors (see, for example, Fama and French
1988; Vassalou and Xing 2003; Campbell and Thompson
2008; Harvey et al. 2018). However, in the spirit of “keeping
things only as complicated as necessary,” we use a “vanilla”
Dynamic asset allocation strategy with a combination of
volatility targeting and momentum, following an approach
described by Keller et al. (2015). Our proxy Dynamic portfo-
lio divides allocation between U.S. Large Cap stocks and the
U.S. Bond Aggregate and rebalances monthly using 5-year
rolling covariance estimates to target the ex post volatility of
the U.S. 60/40. The expected returns for the two asset classes
are formed by using the trailing 11-month return, consistent
with the literature on asset-class trends following Moskowitz
et al. (2012). The quadratic mean—variance monthly opti-
mization uses long-only weight constraints between 0 and
100% for each of the two asset classes, and a monthly turno-
ver budget of 10%. This basic dynamic strategy is sufficient
to demonstrate its potential to reduce drawdown.

All the returns mentioned above are computed on a pre-
transaction cost basis. While transaction costs historically
have been significant, their impact has been reduced in
recent times. Thus, we disregard transaction costs to esti-
mate forward-looking insights of risk and return based on
historical data.

Results
Long-run performance of the allocation strategies

Figure 1 shows that the Endowment portfolio is the apparent
leader in total returns, yet this style of allocation is not easy
to replicate for the average investor or even portfolio man-
ager because it requires a large scale, a stable funding base,
and access to unique investment opportunities. Also, while
the Endowment strategy outperformed all others in terms of
cumulative returns, it exhibits periods of pronounced volatil-
ity, often at a greater magnitude than the others. Moreover,
when we add the dimension of risk-adjusted performance
via the Sharpe ratio, as shown in Table 3, we find that the
Endowment approach is no longer the top performer. Even
the classic US 60/40 produces competitive returns compared
to other allocation strategies in this study, but the Factor-
Based allocation is the most efficient from the standpoint
of realized risk-return, followed by the Dynamic allocation.
Dynamic allocation is the second-best performer on returns,
and, unlike Factor-Based allocations, it performed well dur-
ing the past quarter-century.

Further, when risk is measured as a drawdown, the rela-
tive attractiveness of the approaches changes once again.
As noted, an important feature of nearly all the portfolios
except the Factor-Based and Dynamic is their synchronous
decline in value during major stock market downturns, such
as the Great Depression, World War 1II, the stock market
crash of the early 1970s, the Black Monday crisis in 1987
and, finally, the Great Recession. The maximum drawdown
is as deep as 62% for the U.S. 60/40, and it can take nearly
seven years to recover and reach the pre-crisis wealth level
(Table 4). In fact, wealth losses of 15% or more occurred
more than ten times over the past century in all portfolios
except the Factor-Based and the Dynamic. Figure 2 shows
how similar most portfolios are in terms of the frequency of
drawdowns because of their response to crises.

These results may be surprising, unless one knows that
the main risk associated with most of the portfolios comes
from their allocations to stocks, which causes a correlated
response to stock market crashes. Despite significant diver-
sification in the dollar proportions of funds among various
asset classes, there is little diversification in the source
of risk. Dynamic allocation stands out sharply among the
rest of the popular investment strategies, with only eight
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Fig. 1. Allocation for the long run: the log cumulative returns of seven prevalent asset allocation approaches from December 31, 1925, to

December 31, 2020

Table 3 Performance of the major investment allocation strategies during the past century

US 60/40 (%) Global 60/40 (%) Risk parity (%) Diversifiedv Endowment (%) Factor-based (%) Dynamic (%)

Historical Return 8.6 7.5 8.7
Historical Stdev 11.6 9.4 11.5
Sharpe Ratio 0.48 0.47 0.49
1-year Min —47.7 —383 —455
1-year Max 93.4 66.6 90.9
Stdev of 1-year returns 12.9 12.5 13.3
5-year Min -84 -69 —-13.6
5-year Max 24.1 28.2 25.8
Stdev of 5-year returns 53 5.7 55
10-year Min 0.2 - 0.1 0.4
10-year Max 17.1 17.4 16.8
Stdev of-10 year returns 3.6 4.1 35
20-year Min 33 0.7 4.4
20-year Max 154 14.3 15.1
Stdev of 20-year returns 24 3.0 2.9
Max Drawdown —-62.0 —-52.0 —-62.0
10-year Stdev Min 6.8 5.7 5.1
10-year Stdev Max 234 13.8 20.5

8.7 10.6 9.2 9.7
10.4 11.2 8.1 9.6
0.53 0.66 0.72 0.67
—44.7 —443 -333 -21.6
92.6 98.2 64.5 52.1
12.8 14.1 9.2 11.7
-10.8 -9.7 -2.7 -3.1
26.2 27.2 21.6 25.6
4.8 5.6 4.1 55
0.8 1.1 2.9 25
15.6 18.7 16.8 17.7
2.7 35 32 4.2
44 5.1 5.0 32
13.7 18.1 15.2 16.8
2.0 2.6 2.4 29
-61.0 -62.0 —-44.0 -26.0
49 6.0 4.8 5.8
19.3 21.3 16.0 11.9

drawdowns of 15% or more, and just two of 25% or more,
and a maximum drawdown of 26%. This is a very impres-
sive result compared to the next lowest maximum draw-
down, that of the Factor-Based portfolio at 44%. Dynamic
allocation significantly reduces drawdown risk compared
to all other allocations; however, this only becomes clear
upon examining their complete long-run histories. In the

¥

next section, we explore how the possession of long-run
versus only short-run data impacts investors’ behavior.

Wealth-loss tolerance and investment outcomes

Having examined the performance of various allocation
strategies during mild and severe market downturns, we use
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T ——
strategies during the past Drawdown threshold 0.15 0.25 0.35 0.45 0.55 0.62 (max)
century Average duration 3.7 4.6 6.5 6.5 6.5 6.5
Minimum duration 1.3 3.0 6.5 6.5 6.5 6.5
Occurrences 7 4 1 1 1 1
Global 60/40 drawdowns
Drawdown threshold 0.15 0.25 0.35 0.45 0.55 0.52 (max)
Average duration 4.6 4.7 4.5 5.8
Minimum duration 2.8 2.8 33 5.8
Occurrences 6 5 2 1 0 1
Risk parity drawdowns
Drawdown threshold 0.15 0.25 0.35 0.45 0.55 0.62 (max)
Average duration 22 3.6 6.1 6.1 6.1 6.1
Minimum duration 0.7 2.2 6.1 6.1 6.1 6.1
Occurrences 7 3 1 1 1 1
Diversified drawdowns
Drawdown threshold 0.15 0.25 0.35 0.45 0.55 0.61 (max)
Average duration 2.9 4.5 4.6 6.1 6.1 6.1
Minimum duration 0.5 3.1 3.1 6.1 6.1 6.1
Occurrences 7 3 2 1 1 1
Endowment drawdowns
Drawdown threshold 0.15 0.25 0.35 0.45 0.55 0.62 (max)
Average duration 32 4.6 4.7 6.2 6.2 6.2
Minimum duration 0.6 33 33 6.2 6.2 6.2
Occurrences 7 4 2 1 1 1
Factor-based drawdowns
Drawdown threshold 0.15 0.25 0.35 0.45 0.55 0.44 (max)
Average duration 3.7 5.8 5.8 5.8
Minimum duration 24 5.8 5.8 5.8
Occurrences 3 1 1 0 0 1
Dynamic drawdowns
Drawdown threshold 0.15 0.25 0.35 0.45 0.55 0.26 (max)
Average duration 2.8 3.8 3.8
Minimum duration 0.4 3.8 3.8
Occurrences 6 1 0 0 0 1

This table shows the frequency and the duration of occurrence of significant drawdowns (surpassing 0.15,
0.25.,..,0.55) thresholds for all allocation strategies in our study

the data to test our model of investor behavior empirically
and illustrate how investors’ preparedness may improve
investment outcomes across all the allocation strategies.
Preparedness is proxied by the level of information (length
of the chosen asset-allocation history sample) an investor
considers when selecting their allocation strategy.

Our simulations include four levels of investor prepared-
ness: the “least informed investor” sees only the 10 years
immediately preceding the start of the investment period.
This timeframe is commonly used by financial advisers
when presenting the performance of a strategy. The “more
informed” and “further informed” investors rely on a 25-year
and 50-year history, respectively, and the “most informed”
use the maximum available history. We also define three

types of risk aversion: “risk-tolerant” investors do not sell
their portfolios until (unless) the losses hit the maximum
drawdown level observed in the historical data (i.e., the
investor’s original threshold of tolerance); “risk-neutral”
and “risk-averse” sell when losses hit 75% and 50% of the
maximum observed drawdown, respectively.

We conduct tests for a range of investment horizons,
including 5-, 10-, 20-, and 40-year rolling periods, starting
in 1970 and ending in 2020. Each scenario in our analy-
sis represents a unique combination of factors across four
dimensions: the length of the observed history of portfo-
lio returns, risk aversion, investment horizon, and the start
year. Examples of simulated US 60/40 portfolios invested in
1970 for 40 years are explained in the Online Appendix for
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Fig. 2. Allocation for the long run: drawdowns of the seven prevalent asset allocation approaches from December 31, 1925, to December 31,

2020

risk-tolerant, risk-neutral, and risk-averse investors with full
and 10-year histories.

When we look at the range of the portfolios and the array
of outcomes, we discover significant differences in each sce-
nario based on the different levels of information available
coupled with the investors’ risk aversion. The summaries for
most strategies are provided in Tables 5, 6, 7, 8, and 9, and
the data for the Global 60/40 and the Diversified allocation
are available in the Online Appendix. The tables show aver-
ages for the following metrics: maximum observed draw-
down from historical sample preceding the start year of
investment; full-period buy-and-hold cumulative and annual
returns, threshold drawdown that triggers exit, and actual,
realized cumulative and annual returns for each combina-
tion of history length, investment horizon, and type of risk
aversion within each strategy. Full-period returns serve as a
benchmark for the actual investor’s return in each scenario.
Ex ante, investors accept the observed levels of possible
wealth loss as inferred from the available historical data.
However, when exposed to significant drawdowns approach-
ing the investor-specific threshold of tolerance, on average,
across all portfolios, risk-tolerant investors with long-run
information are most likely to realize the full-period buy-
and-hold returns. Among allocation strategies, the best aver-
age performance for both long- and short-term investors is
associated with the Endowment strategy, followed by the
Dynamic allocation and the Risk Parity portfolios.

There is a clear disparity in the performance of more and
less risk-tolerant investors, especially during times of deep
crisis. Figure 3 helps illustrate the difference. It presents

¥

short-term (5-year) and long-term (40-year) portfolios by
start year for risk-averse and risk-tolerant investors. On each
graph, the solid line represents full-period buy-and-hold
returns, the light-colored bars show actual returns for inves-
tors with prior beliefs based on the full history of returns,
and the dark-colored bars show the actual returns for inves-
tors who use only short history. The contrast is stark for
the performance of the most informed (maximum history
used in developing priors) versus the least informed (only
10 years of history) and for risk-tolerant versus risk-averse
investors. As we can see, regardless of risk tolerance levels,
it is better to be informed. However, informed and risk-tol-
erant investors are most likely to enjoy the full benefit of the
complete holding period. Informed investors do significantly
better in all investment strategies because a longer history
helps develop more realistic prior beliefs. The effect appears
to be most critical for the Risk Parity and Dynamic portfolios
(only Dynamic is presented in this paper to conserve space;
data analogous to that in Fig. 3 for all other strategies are
available in the Online Appendix). Finally, even the most
risk-tolerant investors tend to fail to stay with the strategy
when they have limited information.

Discussion

Our simple model of investor behavior proves powerful
when tested empirically. It shows how a lack of understand-
ing of investment strategy upfront turns into a lack of com-
mitment and leads investors to abandon their strategy. With
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Risk-averse Investor 5 Year Horizon Risk-tolerant Investor 5 Year Horizon
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Fig. 3. Effect of information on the outcomes of investors: dynamic.
Top-row charts show outcomes for the 5-year horizon while the bot-
tom - for the 40-year horizon. Left-column charts show results for
risk-averse investor while right-column chart show results for risk-tol-

an early exit at the time of a market trough, investors fail to
realize their potential buy-and-hold returns over the entire
investment horizon. Our model is based on the drawdown,
an intuitive measure of risk that represents wealth loss. For
empirical testing, we construct a unique dataset of returns
for seven popular asset-allocation strategies and show how
the use of a long history is important for understanding
return distributions. Our study shows that risk-tolerant and
well-informed investors are best equipped to navigate mar-
ket downturns. It also revealed Dynamic allocation to be a
low-risk high-performer. Our empirical results support the
theoretical proposition of the negative impact of information
withdrawal on wealth creation. The findings support those
of Dichev (2007) and Dichev and Yu (2011) regarding the
failure to achieve buy-and-hold returns. Our findings are also
consistent with Hoopes et al. (2022) and Barber et al. (2022)
regarding the detrimental impact of trading in response to
stressful news. Like Harvey et al. (2019) and Van Hemert
et al. (2020), we find the drawdown a very useful risk meas-
ure for a study of investor behavior. Finally, we agree with
Baltussen et al. (2021) regarding the importance of long
data series because they include rare but important events
(Bogle 2008) that may be omitted when shorter histories
are employed.

¥

1971 1972 1973 1974 1975 1976 1977 1978 1979 1980

erant investor. Each chart shows three data points over time: dark bar
shows least informed investors total return; light bar shows the most
informed investors total return, and dark line shows the full period
possible total return

We recognize the limitations of this model, and in the
next evolution, investors have an option to re-enter the
market after withdrawal, once market conditions return to
acceptable levels. We pilot-test the effect of re-entry on
the outcome, assuming that investors reinvest once toler-
able conditions persist. We define the time of reentry as the
day when the 30-day moving average value of the portfolio
surpasses the value of the portfolio at the time of exit and
test the model using Dynamic portfolios. The results are
provided in Table 10, and the evidence is overwhelmingly
positive. Our findings support the value of re-entry. In most
cases, on average, both cumulative and annualized returns
are better than if investors do not re-enter, even though some
periods include deep financial crises after re-entry. How-
ever, returns with temporary exits never surpass full-period
returns, which underlines the importance of adherence to the
originally chosen investment strategy.

However, we cannot assume with certainty that inves-
tors strictly follow the presumed threshold. Nor can we
draw specific boundaries for a drift in risk/return expecta-
tions due to exposure to market sell-off close to the bottom
level observed by investors, which may result in changes
in the withdrawal threshold. We expect that exploration of
the uncertainty of the withdrawal and re-entry thresholds
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with Monte-Carlo simulations will be valuable. It can be
done in future research, assuming the actual threshold
0 ~ N(0,,_ - 0) for the risk-neutral investor, and
O ox—post ~ SN(Oy_ gz 0) Tor risk-tolerant (skew<0) and risk-
averse (skew>0) investors. We also recognize the impact of
economic and market conditions E; and v; on investors’ risk
perception and assume that the impact is constant for the
portfolios in the cross section. However, empirical testing
of the impact over time is of interest and contributes to the
development of the results obtained in this study.

ex—post

Conclusions

In this paper, we aim to examine the effect of limited his-
torical knowledge of asset allocation strategy performance
when making investment decisions on investment outcomes.
To achieve this goal, we build a unique dataset of returns on
various classes of assets over the past century and recon-
struct the performance of the prevalent asset allocation strat-
egies for the period 1926-2020. Most strategies are prone to
deep, frequent, and prolonged downturns in portfolio value
(drawdowns) in the event of market crashes, which occur
several times during the observed period. Only Factor-Based
allocation offers a significant improvement over the others
when it comes to a large-scale loss of wealth when markets
approach their trough. Downturn events are infrequent, and
thus, limited history often produces a skewed view of the
actual distribution of returns. Thus, we find significant value
in the long-term history of returns.

We also explore the performance of different strategies
across different investors’ risk-tolerance levels and invest-
ment horizons. We use drawdowns as a risk measure and
focus on the length of the history considered by the inves-
tors at the time of commitment to a strategy. Our findings
show that risk-tolerant and well-informed investors achieve
significantly better cumulative returns, and this success is
attributed to the consideration of an extended historical sam-
ple when developing their prior beliefs about possible invest-
ment outcomes. On the contrary, investors who exhibit risk-
neutral or risk-averse behavior, as well as those who rely on
shorter-term history in developing their investment beliefs,
more easily exit and lose out on returns. Furthermore, the
performance of the Risk Parity and Dynamic portfolios
relies most heavily on the extent of information available
to investors across all investment horizons and regardless
of risk tolerance. Thus, we successfully argue that reliance
on extended historical data is associated with more accurate
prior beliefs, which result in a lower probability of an early
abandonment of allocation strategy and higher cumulative
returns. However, only risk-tolerant investors are likely to
capture the full benefit of long-run information.
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